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Abstract

Global population growth has increased the demand for food, and many countries have
answered this problem by expanding agricultural lands. Brazil stands out as one of the world’s
fastest growing agricultural development zones, especially in the Brazilian savanna, which has
been transformed into an important world breadbasket. Meanwhile, the region is also one of the
world’s biodiversity hotspots. Continuous agricultural expansion including the new agricultural
frontier (Matopiba region, which is in the northern part of the Cerrado) has affected the natural
environment and ecosystems in the region. Although many studies have used different methods
to estimate the interaction between agricultural expansion and the environment, the performance
of combining remote sensing and machine learning is still unclear. The main goal of this
dissertation is to examine the interaction between agricultural expansion and the environment
using remote sensing and machine learning from aspects of pollinator, crops, vulnerability, and
fire activity.

In the following chapters, the interaction between agricultural expansion and the
environment will be investigated using a combination of model approaches, remote sensing,
GIScience, machine learning, deep learning, and data mining. Chapter 2 presents a spatial
distribution of selected bee species richness and soybean production at a regional scale. The
findings indicate that higher bee species richness and higher soybean production are in the
southern Cerrado, and the environment has a stronger impact on bee species richness than
soybean production. Additionally, the analysis of the interaction of bee species richness and
soybean production reveals that their relationship is not a linear one. Chapter 3 develops an
indicator system to estimate environmental vulnerability in the entire Cerrado. The main finding

is that areas of high environmental vulnerability are in the southern Cerrado. Additionally, mined



historical Twitter results reveal that social media data is a promising data set for environmental
vulnerability assessment. Chapter 4 creates a novel deep learning model (Conv-LSTM) to
classify two agricultural expansion sites in the Matopiba region over time and estimates the
correlation between land use types and burned areas in September (the last month of the dry
season) using classification results and the MODIS products. The findings determine that the
proposed model can classify different land structure areas at coarse spatial resolution.
Additionally, the overlay analysis with burned areas indicates that fire activities easily occurred
in the grasslands in Site A and the forestlands in Site B. The results also claim that fire activities
more readily occurred at the edge of cropland areas, which suggest that fire activities are still a

common way to expand agriculture in this region.
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classify two agricultural expansion sites in the Matopiba region over time and estimates the
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Chapter 1 - Introduction

1.1 Research Goals and Objectives

Global population is growing and as a consequence the demand for food has increased
(Ezeh et al., 2012; Godfray et al., 2010). Many countries have answered this problem by
expanding cultivated lands. Brazil stands out as one of the world’s fastest growing agricultural
development zones, especially in the Brazilian Savanna (Rada, 2013; Sano et al., 2019). The
Brazilian Savanna or the Cerrado, has been transformed into an important world breadbasket,
and in its northern region there is a new agricultural frontier called Matopiba, which includes
parts of Maranhao, Tocantins, Piaui and Bahia states (Aragjo et al., 2019). However, the Cerrado
is also one of the world’s biodiversity hotspots (Beuchle et al., 2015a; Klink and Machado, 2005)
and continuous agricultural expansion in this area has affected environmental systems (Barretto
et al., 2013; de Oliveira Silva et al., 2015; Dias et al., 2016; Hunke et al., 2015b).

Many scholars have presented alternatives to solve this problem such as extensification
and intensification land use responses (Barretto et al., 2013; Dias et al., 2016; Lambin and
Meyfroidt, 2010). Some studies also analyzed particular environmental problems such as soil
erosion and land degradation at the local scale using census data, remote sensing images,
regression models or some combination of them (Caldas et al., 2017; Grecchi et al., 2014; Leite
et al., 2012; David Tilman et al., 2011). However, combining remote sensing and machine
learning to estimate the interaction between agricultural expansion and the environment is still
unclear. In this dissertation, I will choose pollinator, crops, vulnerability, and fire activity to
estimate the interaction between agricultural expansion and environment using remote sensing

imagery, machine learning techniques and social media data. Particularly, I will:



Objective 1: Understand the spatial distribution between pollinator and soybean
production using a species distribution model and a crop simulation model;

Objective 2: Estimate environmental vulnerability in the Cerrado using remote sensing,
machine learning and Twitter data;

Objective 3: Develop a deep learning model to map agricultural areas in the Matopiba
region and estimate its correlation with burned areas.

1.2 Motivation

The world population will continue to grow, and it is likely to reach around 9 billion by
the middle of this century. Meanwhile, the demand for food is rising and may continue for
several decades (Godfray et al., 2010). Until 2011 it was estimated that agricultural land could
occupy an additional 200-300 million hectares globally (Barretto et al., 2013; Brown, 2016;
Chaplin-kramer et al., 2015; David Tilman et al., 2011). Among the countries, Brazil became a
popular example about agricultural expansion because of its miracle agricultural achievement in
the Cerrado, the Brazilian Savanna (Lambin and Meyfroidt, 2010; Martinelli et al., 2010; Rada,
2013; Spera et al., 2016a).

The Brazilian Savanna (the Cerrado) has been transformed into a world breadbasket with
a new emphasis on the declared agricultural frontier of Matopiba (a region that includes parts of
the states of Maranhao, Tocantins, Piaui and Bahia); more than 80% of the region is in the
Cerrado, which accounts for almost 10% of the country’s total grain production (Aragjo et al.,
2019; Henrique and Barros, 2019; Salvador and de Brito, 2018). The Cerrado also has the richest
flora among the world’s savannas (>7000 species) and the highest species richness of birds, fish,

reptiles, amphibians, and insects (Klink and Machado, 2005). With continuous agricultural



expansion, this area has turned into one of the world’s biodiversity hotspots (Beuchle et al.,
2015a; Ratter et al., 1997).

There are two different ways to consider agricultural expansion. On the one hand, land
use intensification means increasing productivity per unit of area without increasing its area
(Barretto et al., 2013; Chaplin-kramer et al., 2015; Dias et al., 2016; Spera, 2017a). Under
current environmental conditions, many scholars argue that sustainable intensification could
achieve food security and minimize negative environmental impacts (Burney et al., 2010; Loos
et al., 2014; David Tilman et al., 2011; Tscharntke et al., 2012a). For example, intensification
can improve agricultural production while conserving the remainder of the Cerrado (Spera,
2017a). Land use extensification, on the other hand, consists of increasing production by
expanding agriculture area (Caldas et al., 2017; Lambin et al., 2003; Lambin and Meyfroidt,
2010). However, this type of agriculture activity has been one of the main drivers of
deforestation, a major source of carbon emission and biodiversity loss (Dias et al., 2016).
Nevertheless, both agricultural expansion modes can directly and indirectly affect environments
(Lahsen et al., 2016).

Many studies have estimated the impact of agricultural expansion on environments, and
the majority of the research has analyzed this problem through census data, regression models,
remote sensing analysis or a combination of these approaches (Barretto et al., 2013; Grecchi et
al., 2014; Jepson, 2005; Leite et al., 2012; Schwieder et al., 2016). However, few studies focused
on combining remote sensing and machine learning techniques to examine the effects agriculture
expansion on environments.

To estimate it, there are many different approaches. For example, Imbach et al. (2017b)

used a species distribution model to estimate the influence of climate change on bees, which are



an important pollinator for coffees. Other studies used different species to examine species
richness and environmental changes using a modeling approach (Calabrese et al., 2014; Distler et
al., 2015; Guisan and Rahbek, 2011). Moreover, some of the research also applied crop
simulation modeling to estimate crop production associated with the environment (Curnel et al.,
2011; Huang et al., 2016a; Jin et al., 2018). However, combining a species distribution model
and a crop simulation model to estimate the spatial distribution of pollinators and crop at a
regional scale is still unclear in the Cerrado biome.

In addition, agricultural expansion has caused soil erosion, natural vegetation loss, and
land degradation, which make the local environment vulnerable for the provision of livelihood
(EPA, 2019; Lahsen et al., 2016). Estimating environmental vulnerability in the Cerrado caused
by agricultural expansion can help us understand the internal construction of the environmental
system. Among published methods, the most common one is to establish a variables system and
calculate the value of environmental vulnerability. However, fewer studies have taken into
consideration machine learning algorithms and social media data sets. Recently, machine
learning has been broadly used in many different fields because of its ability to deal with
nonlinear relationships between features (Kotsiantis et al., 2006; Luo et al., 2019). Many studies
have proven that machine learning technique algorithm is a robust method and can improve the
performance of results (Mountrakis et al., 2011; Shao and Lunetta, 2012; Were et al., 2015; C.
Zhang et al., 2019). Meanwhile, in recent years, social media has emerged as a popular way to
describe people’s feelings or perspectives about a particular event (Batrinca and Treleaven,
2014; Gundecha and Liu, 2012; Stieglitz et al., 2018). Mining useful information from social
media has become a potential resource to improve the management of crisis situations, and some

studies have extracted useful information from social media to analyze floods and other disasters,



or to map disaster areas (Cervone et al., 2016; Rosser et al., 2017; Wang and Ye, 2018). The
performance of integrating machine learning and social media data to estimate environmental
vulnerability in the Cerrado still needs to be tested.

Meanwhile, the new agricultural frontier (Matopiba region) in the northern Cerrado is
defined as a region dominated by natural vegetation that started to face intensive agricultural-
related land occupation (Araujo et al., 2019). In this region, infrastructure is poor, land prices are
cheap, and the climate and topographic relief are favorable for agriculture (MAPA, 2019). With
continuous agricultural expansion, it is important for us to identify each type of land use and
estimate its correlation with burned areas, which is one potential environmental problem. Among
different alternatives, deep learning methods caught the attention of scholars after Lecun et al.,
(2015) published a deep learning review paper in the journal Nature. It has been introduced into
the geographic field for analysis of the consequences of human activity on the environment (C.
Zhang et al., 2019; L. Zhang et al., 2017; Zhu et al., 2017). Many studies have applied deep
learning models to classify remote sensing images, and their results indicate that its performance
is much better than transitional machine learning methods (Maggiori et al., 2016; Paoletti et al.,
2018; Sharma et al., 2017). In the Matopiba region, the dominate land use types are forestland
and grassland, but continuous agricultural expansion has converted more than 50% of the natural
vegetation into crops (Filho and Costa, 2016). Thus, mapping vegetation areas became a
necessary step toward understanding the interaction between agricultural expansion and the
environment. Although the deep learning model has many applications for classifying remote
sensing images (Donahue et al., 2017; Ndikumana et al., 2018; Shi et al., 2015), creating a

reliable deep learning model to classify time series remote sensing images is still unclear. In



addition, overlaying land use maps and burned areas can help us understand the internal

relationship between agricultural expansion and environment.

1.3 Study area description

The Brazilian Cerrado is the second largest ecoregion in Brazil, occupying the central
plateau of the country and representing about 23% of the land surface of the country (Ratter et
al., 1997) (Figure 1.1). It has two seasons: a wet season starting in October and lasting about six
to seven months, and the dry season starting in April. The amount of rain is about 800-2000
mm/year, and the average annual temperature is 18-28 °C (Klink and Machado, 2005). Because
of its unique geographic position, the typical Cerrado vegetation ranges from closed or open
canopy deciduous and semi-deciduous forest with shrub to natural grassland (Beuchle et al.,
2015a; Spera, 2017a). During three decades of development, the Cerrado has become the leading
producer of major export crops, and it accounted for the majority of Brazil’s planted area in
soybean (61%), maize (61%), and cotton (99%) (Dickie et al., 2016; Filho and Costa, 2016;
Rada, 2013). The Matopiba region (about 73 million ha), located in the northern part of the
Cerrado, is an acronym formed from the first letters of the four states located mostly in the
Cerrado (Maranhao, Tocantins, Piauiand and Bahia). It has emerged as an important agricultural
frontier over the past three decades, and this region now produces around 10% of the nation’s
crops and is a critical driver of the expansion in soybean and maize production (Filho and Costa,
2016). From 2000 to 2014, soybean production increased from 1 million to 3.4 million hectares
in this area (Aragjo et al., 2019; Horvat et al., 2015; USDA, 2014). Agriculture expansion has
become the dominant land use and land cover change in the Cerrado and it has caused many
environmental problems such as biodiversity decline, carbon emissions, soil erosion, water

pollution, and land degradation (Grecchi et al., 2014; Hunke et al., 2015a; Ratter et al., 1997).
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Figure 1.1 The geographical location of the study area and spatial distribution of land use
and land cover types for 2014. The abbreviations of the Brazilian states’ names are as
follows: BA: Bahia; DF: Distrito Federal; GO: Goias; MA: Maranhao; MG: Minas Gerais;
MT: Mato Grosso; MS: Mato Grosso do Sul; PI: Piaui; PR: Parana; SP: Sao Paulo; TO:
Tocantins.

1.4 Conceptual framework

The main goal of this dissertation to combine remote sensing and machine learning to
study the interaction between agricultural expansion and the environment in the Cerrado. The
idea of this dissertation starts from agricultural expansion in the Cerrado. It can indirectly or
directly interplay with environmental factors such as affecting the pollinator’s habitat and crop
production. Furthermore, agricultural expansion could be related to fire activities during the dry
season and it could also cause environmental vulnerability (Grecchi et al., 2014; Hunke et al.,

2015b; Martinelli et al., 2010) (Figure 1.2).
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Figure 1.2 The framework of the dissertation. The two green boxes are the main problem.
The three yellow boxes are associated with the three chapters. The ellipse shows the main
methods in this dissertation.

The Cerrado region is known globally for its biodiversity-rich savanna, which has
approximately 160,000 species of fungi, flora, and fauna (Klink and Machado, 2005; Schwieder
et al., 2016). However, with the development of agricultural technology and government
encouragement, this region has become a biodiversity hotspot and main agricultural zone in
Brazil. The first concern about developing agriculture is the influence on species’ habitat, and
many species are pollinators, which can provide pollination service to improve crop productivity
(Aizen et al., 2009, 2019; Hoehn et al., 2008a). Some studies have concluded that climate change
and agricultural expansion have reduced the number of pollinators (Elias et al., 2017; Imbach et
al., 2017b). In my dissertation, I will expand on these ideas to look into the spatial distribution of
pollinator richness and crop production associated with environment variables during the study

period.



It is noticeable that agricultural expansion affects not only biodiversity; many studies also
show that agricultural expansion can cause soil erosion and land degradation problems (Fuchs et
al., 2012; Hunke et al., 2015a; Merten and Minella, 2013), which increase the risk of
environmental vulnerability. Facing all these existing or potential risks, it is necessary to
estimate environmental vulnerability. Climate change is one of the important factors in
environmental systems, and has been used in many environmental research projects (Birkmann
et al., 2015; O’Brien et al., 2004; Scarano and Ceotto, 2015). As shown in the Figure 1.2, I will
examine environmental vulnerability in the entire Cerrado region by collecting multidimensional
indicators.

As a new agricultural frontier in Brazil, the Matopiba region has recently caught the
attention of scholars (Araujo et al., 2019; Horvat et al., 2015a). The reason I want to focus on
this region is that more than 90% of the region is located in the northern Cerrado, and it is
experiencing agricultural expansion because of the cheap land price and government
encouragement (Araujo et al., 2019). As one of the great savanna regions of the world, fire
activities are also one of the common phenomena during the dry season (de Araujo et al., 2012;
Pivello, 2011). It can reduce the amount of biomass present on the landscape and control wild
flora and fauna, which can improve the adaptability of the species (Dubinin et al., 2010;
Lizundia-Loiola et al., 2020). However, fire activities could also affect the environment by
increasing air pollution and disturbing the carbon balance (Beringer et al., 2007; Ravindra et al.,
2019; Sun et al., 2016). Some research also pointed out how fire activity is one common way to
expand agriculture in this region (de Araujo et al., 2012). To take a closer look at it, in my

dissertation I am going to choose two agricultural expansion areas in this region to classify land



use types using the deep learning model. Then I will estimate the correlation with burned areas

using classification results.

1.5 The outline of the dissertation

My dissertation is organized into three manuscript chapters, corresponding to the three
objectives outlined above.

The first manuscript chapter (Chapter 2) uses model approaches to estimate the spatial
distribution of pollinators and crops and analyzes their relationship during the 2000 to 2015
period. Among pollinators, I will select 16 bee species with two subgroups. The first group is
native species, which are the most common ones to visit local plants, and the second group is a
species that visits soybeans. To estimate their spatial distribution, I will use a species distribution
model, which is a robust method to predict species distribution. To easily address this problem, I
will use the stacked species distribution model (SSDM) to stack the distribution of all single
species to generate richness maps in 2000-2008 and 20082015 periods. Meanwhile, I will use
the common cultivar of soybeans in the Cerrado to simulate and calculate soybean production for
selected years. The potential relationship between bee species richness and soybean production
will be examined, which will provide a fundamental step toward estimating pollinator, crop, and
environment in the Cerrado at a regional scale.

The second manuscript chapter (Chapter 3) estimates environmental vulnerability in the
Cerrado using a machine learning algorithm and Twitter data. In this chapter, 11 environmental
vulnerability indicators will be created though understanding the definition of vulnerability from
the Intergovernmental Panel on Climate Change (IPCC). Then I will use an Autoencoder
algorithm to generate optimized features and apply the Ideal Place method (Mishra et al., 2017;

Wei et al., 2020) to estimate environmental vulnerability for the years 2011 and 2016. To
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validate the result, I will also mine historical Twitter data for these two years and overlay with
the information with the modeled result. This chapter demonstrates the performance of machine
learning algorithms used in the environmental field, and social media data could become a
promising data source in the environmental assessment field.

In Chapter 2 and Chapter 3, I investigate the interaction between agricultural expansion
and environment for the entire Cerrado. I choose the one environmental composite in Chapter 2
to understand the interaction between soybean, pollinator and environment. However, in Chapter
3, I estimate the environmental influence from a boarder perspective. The following chapter
(Chapter 4) will focus on the Matopiba region, more than 80% of which is located in the northern
part of the Cerrado; it is the new agricultural frontier in Brazil (Aragjo et al., 2019).

It investigates the performance of classifying land use and land cover using a created
deep learning model and analyzes the correlation between burned areas and different land use
types. Considering the computer capability limitation, I will choose just two sites in the
Matopiba region for 2012 and choose September as my study time because fire activities in this
month are more than other months. First, I will create a deep learning model (Conv-LSTM) by
combining Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) to
classify these two sites and validate my result using an existing data set. Then I will overlay
classification results and burned area maps acquired from MCD64A1 MODSI product to
estimate their internal relationship.

References

Aalto, J., Pirinen, P., Heikkinen, J., Venéldinen, A., 2013. Spatial interpolation of monthly
climate data for Finland: Comparing the performance of kriging and generalized additive
models. Theor. Appl. Climatol. 112, 99—111. https://doi.org/10.1007/s00704-012-0716-9

Adger, W.N., 2006. Vulnerability. Glob. Environ. Chang. 16, 268-281.
https://doi.org/10.1016/j.gloenvcha.2006.02.006

11



Aizen, M.A., Aguiar, S., Biesmeijer, J.C., Garibaldi, L.A., Inouye, D.W., Jung, C., Martins, D.J.,
Medel, R., Morales, C.L., Ngo, H., Pauw, A., Paxton, R.J., Sdez, A., Seymour, C.L.,
2019. Global agricultural productivity is threatened by increasing pollinator dependence
without a parallel increase in crop diversification. Glob. Chang. Biol. 25, 3516-3527.
https://doi.org/10.1111/gcb.14736

Aizen, M. A., Garibaldi, L.A., Cunningham, S.A., Klein, A.M., 2009. How much does agriculture
depend on pollinators? Lessons from long-term trends in crop production. Ann. Bot. 103,
1579-1588. https://doi.org/10.1093/a0b/mcp076

Alduchov, O.A., Eskridge, R.E., 1996. Improved Magnus form approximation of saturation
vapor pressure. J. Appl. Meteorol. https://doi.org/10.1175/1520-
0450(1996)035<0601:IMFA0OS>2.0.CO;2

Ali, 1., Greifeneder, F., Stamenkovic, J., Neumann, M., Notarnicola, C., 2015. Review of
machine learning approaches for biomass and soil moisture retrievals from remote
sensing data. Remote Sens. 7, 16398—16421. https://doi.org/10.3390/rs71215841

Anwar, M.R., Liu, D.L., Macadam, 1., Kelly, G., 2013. Adapting agriculture to climate change:
A review. Theor. Appl. Climatol. 113, 225-245. https://doi.org/10.1007/s00704-012-
0780-1

Arantes, A.E., Ferreira, L.G., Coe, M.T., 2016. The seasonal carbon and water balances of the
Cerrado environment of Brazil: Past, present, and future influences of land cover and
land use. ISPRS J. Photogramm. Remote Sens.
https://doi.org/10.1016/j.isprsjprs.2016.02.008

Aratijo, M.L.S. de, Sano, E.E., Bolfe, E.L., Santos, J.R.N., dos Santos, J.S., Silva, F.B., 2019.
Spatiotemporal dynamics of soybean crop in the Matopiba region, Brazil (1990-2015).
Land use policy 80, 57—67. https://doi.org/10.1016/j.1andusepol.2018.09.040

Arredondo, T., Delgado-Balbuena, J., Huber-Sannwald, E., Garcia-Moya, E., Loescher, H.W.,
Aguirre-Gutiérrez, C., Rodriguez-Robles, U., 2018. Does precipitation affects soil
respiration of tropical semiarid grasslands with different plant cover types? Agric.
Ecosyst. Environ. 251, 218-225. https://doi.org/10.1016/j.agee.2017.09.034

Bao, G., Bao, Yuhai, Qin, Z., Xin, X., Bao, Yulong, Bayarsaikan, S., Zhou, Y., Chuntai, B.,
2016. Modeling net primary productivity of terrestrial ecosystems in the semi-arid
climate of the Mongolian Plateau using LSWI-based CASA ecosystem model. Int. J.
Appl. Earth Obs. Geoinf. 46, 84-93. https://doi.org/10.1016/j.jag.2015.12.001

Barbet-Massin, M., Jiguet, F., Albert, C.H., Thuiller, W., 2012. Selecting pseudo-absences for
species distribution models: How, where and how many? Methods Ecol. Evol. 3, 327—
338. https://doi.org/10.1111/5.2041-210X.2011.00172.x

Barretto, A.G.O.P., Berndes, G., Sparovek, G., Wirsenius, S., 2013. Agricultural intensification

in Brazil and its effects on land-use patterns: An analysis of the 1975-2006 period. Glob.
Chang. Biol. 19, 1804—1815. https://doi.org/10.1111/gcb.12174

12



Batlle-bayer, L., Batjes, N.H., Bindraban, P.S., 2010. Agriculture , Ecosystems and Environment
Changes in organic carbon stocks upon land use conversion in the Brazilian Cerrado : A
review. "Agriculture, Ecosyst. Environ. 137, 47-58.
https://doi.org/10.1016/j.agee.2010.02.003

Batrinca, B., Treleaven, P.C., 2014. Social media analytics: a survey of techniques, tools and
platforms. Al Soc. 30, 89—116. https://doi.org/10.1007/s00146-014-0549-4

Bellon, B., Bégué, A., Seen, D. Lo, de Almeida, C.A., Simdes, M., 2017. A remote sensing
approach for regional-scale mapping of agricultural land-use systems based on NDVI
time series. Remote Sens. 9, 1-17. https://doi.org/10.3390/rs9060600

Beringer, J., Hutley, L.B., Tapper, N.J., Cernusak, L.A., 2007. Savanna fires and their impact on
net ecosystem productivity in North Australia. Glob. Chang. Biol. 13, 990-1004.
https://doi.org/10.1111/j.1365-2486.2007.01334.x

Berrouet, L.M., Machado, J., Villegas-palacio, C., 2018. Vulnerability of socio — ecological
systems : A conceptual Framework. Ecol. Indic. 84, 632—647.
https://doi.org/10.1016/j.ecolind.2017.07.051

Berry, P.M., Rounsevell, M.D.A., Harrison, P.A., Audsley, E., 2006. Assessing the vulnerability
of agricultural land use and species to climate change and the role of policy in facilitating
adaptation. Environ. Sci. Policy 9, 189-204. https://doi.org/10.1016/j.envsci.2005.11.004

Beuchle, R., Grecchi, R.C., Shimabukuro, Y.E., Seliger, R., Eva, H.D., Sano, E., Achard, F.,
2015a. Land cover changes in the Brazilian Cerrado and Caatinga biomes from 1990 to
2010 based on a systematic remote sensing sampling approach. Appl. Geogr. 58, 116—
127. https://doi.org/10.1016/j.apgeog.2015.01.017

Beuchle, R., Grecchi, R.C., Shimabukuro, Y.E., Seliger, R., Eva, H.D., Sano, E., Achard, F.,
2015b. Land cover changes in the Brazilian Cerrado and Caatinga biomes from 1990 to
2010 based on a systematic remote sensing sampling approach. Appl. Geogr. 58, 116—
127. https://doi.org/10.1016/j.apgeog.2015.01.017

Birkmann, J., Cutter, S.L., Rothman, D.S., Welle, T., Garschagen, M., Kienberger, S., Cardona,
0.D., Binder, C.R., Hughes, B., Pulwarty, R., 2015. Scenarios for vulnerability :
opportunities and constraints in the context of climate change and disaster risk 53—68.
https://doi.org/10.1007/s10584-013-0913-2

Blettler, D.C., Fagundez, G.A., Caviglia, O.P., 2018. Contribution of honeybees to soybean
yield. Apidologie 49, 101-111. https://doi.org/10.1007/s13592-017-0532-4

Bond-Lamberty, B., 2018. New Techniques and Data for Understanding the Global Soil
Respiration Flux. Earth’s Futur. 6, 1176—1180. https://doi.org/10.1029/2018EF000866

Bond-Lamberty, B., Bailey, V.L., Chen, M., Gough, C.M., Vargas, R., 2018. Globally rising soil
heterotrophic respiration over recent decades. Nature 560, 80-83.
https://doi.org/10.1038/s41586-018-0358-x

13



Bond-Lamberty, B., Thomson, A., 2010. Temperature-associated increases in the global soil
respiration record. Nature 464, 579—582. https://doi.org/10.1038/nature08930

Breiman, L., Friedman, J.H., Olshen, R.A., Stone, C.J., 2017. Classification and regression trees.
Classif. Regres. Trees 1, 1-358. https://doi.org/10.1201/9781315139470

Brooks, N., 2003. Vulnerability ,risk and adaptation : A conceptual framework. Tyndall Cent.
Clim. Chang. Res. 38, 20. https://doi.org/Yes

Brooks, N., Adger, W.N., Kelly, P.M., 2005. The determinants of vulnerability and adaptive
capacity at the national level and the implications for adaptation. Glob. Environ. Chang.
15, 151-163. https://doi.org/10.1016/j.gloenvcha.2004.12.006

Brown, M.E., 2016. Remote sensing technology and land use analysis in food security
assessment security assessment 4248. https://doi.org/10.1080/1747423X.2016.1195455

Burney, J.A., Davis, S.J., Lobell, D.B., 2010. Greenhouse gas mitigation by agricultural
intensification. Proc. Natl. Acad. Sci. 107, 12052—-12057.
https://doi.org/10.1073/pnas.0914216107

Calabrese, J.M., Certain, G., Kraan, C., Dormann, C.F., 2014. Stacking species distribution
models and adjusting bias by linking them to macroecological models. Glob. Ecol.
Biogeogr. 23, 99-112. https://doi.org/10.1111/geb.12102

Caldas, M.M., Granco, G., Bishop, C., Kastens, J., Brown, J.C., 2017. No Title.

Cao, M., Woodward, F.I., 1998. Net primary and ecosystem production and carbon stocks of
terrestrial ecosystems and their responses to climate change. Glob. Chang. Biol. 4, 185—
198. https://doi.org/10.1046/j.1365-2486.1998.00125.x

Cao, S., Sanchez-Azofeifa, G.A., Duran, S.M., Calvo-Rodriguez, S., 2016. Estimation of
aboveground net primary productivity in secondary tropical dry forests using the
Carnegie-Ames-Stanford approach (CASA) model. Environ. Res. Lett. 11.
https://doi.org/10.1088/1748-9326/11/7/075004

Cervone, G., Sava, E., Huang, Q., Schnebele, E., Harrison, J., Waters, N., 2016. Using Twitter
for tasking remote-sensing data collection and damage assessment: 2013 Boulder flood
case study. Int. J. Remote Sens. 37, 100—124.
https://doi.org/10.1080/01431161.2015.1117684

Chandrasekar, K., Sesha Sai, M.V.R., Roy, P.S., Dwevedi, R.S., 2010. Land Surface Water
Index (LSWI) response to rainfall and NDVI using the MODIS vegetation index product.
Int. J. Remote Sens. 31, 3987—4005. https://doi.org/10.1080/01431160802575653

Chandrashekar, G., Sahin, F., 2014. A survey on feature selection methods. Comput. Electr. Eng.
40, 16-28. https://doi.org/10.1016/j.compeleceng.2013.11.024

14



Chaplin-kramer, R., Sharp, R.P., Mandle, L., Sim, S., Johnson, J., Butnar, 1., 2015. Spatial
patterns of agricultural expansion determine impacts on biodiversity and carbon storage
112. https://doi.org/10.1073/pnas.1406485112

Chen, S., Zou, J., Hu, Z., Chen, H., Lu, Y., 2014. Global annual soil respiration in relation to
climate, soil properties and vegetation characteristics: Summary of available data. Agric.
For. Meteorol. 198, 335-346. https://doi.org/10.1016/j.agrformet.2014.08.020

Chen, X., Post, W.M., Norby, R.J., Classen, A.T., 2011. Modeling soil respiration and variations
in source components using a multi-factor global climate change experiment. Clim.
Change 107, 459-480. https://doi.org/10.1007/s10584-010-9942-2

Chiari, W.C., De Toledo, V.D.A.A., Ruvolo-Takasusuki, M.C.C., Braz De Oliveira, A.J.,
Sakaguti, E.S., Attencia, V.M., Costa, F.M., Mitsui, M.H., 2005. Pollination of Soybean
(Glycine max L. Merril) by Honeybees (Apis mellifera L.). Brazilian Arch. Biol.
Technol. 48, 31-36. https://doi.org/10.1590/S1516-89132005000100005

Ciscar, J.C., Fisher-Vanden, K., Lobell, D.B., 2018. Synthesis and review: An inter-method
comparison of climate change impacts on agriculture. Environ. Res. Lett. 13.
https://doi.org/10.1088/1748-9326/aac7cb

Cohn, A.S., Gil, J., Berger, T., Pellegrina, H., Toledo, C., 2016. Land Use Policy Patterns and
processes of pasture to crop conversion in Brazil : Evidence from Mato Grosso State.
Land use policy 55, 108—120. https://doi.org/10.1016/j.1landusepol.2016.03.005

Cord, A.F., Klein, D., Gernandt, D.S., de la Rosa, J.A.P., Dech, S., 2014. Remote sensing data
can improve predictions of species richness by stacked species distribution models: A
case study for Mexican pines. J. Biogeogr. 41, 736-748.
https://doi.org/10.1111/jbi.12225

Cramer, W., Kicklighter, D.W., Bondeau, A., lii, B.M., Churkina, G., Nemry, B., Ruimy, A.,
Schloss, A.L., Intercomparison, T.P.O.T.P., 1999. Comparing global models of terrestrial
net primary productivity (NPP): overview and key results. Glob. Chang. Biol. 5, 1-15.
https://doi.org/10.1046/j.1365-2486.1999.00009.x

Cramer, W, Kicklighter, D.W., Bondeau, A., Moore, B., Churkina, G., Nemry, B., Ruimy, A.,
Schloss, a L., 1999. Comparing global models of terrestrial net primary productivity
(NPP): overview and key results. Glob. Chang. Biol. 5, 1-15.
https://doi.org/10.1046/j.1365-2486.1999.00001.x

Curnel, Y., de Wit, A.J.W., Duveiller, G., Defourny, P., 2011. Potential performances of
remotely sensed LAI assimilation in WOFOST model based on an OSS Experiment.
Agric. For. Meteorol. 151, 1843—1855. https://doi.org/10.1016/j.agrformet.2011.08.002

Cutter, S.L., 2012. Vulnerability to environmental hazards. Hazards, Vulnerability Environ.
Justice 71-82. https://doi.org/10.4324/9781849771542

15



Cutter, S.L., 2003. The vulnerability of science and the science of vulnerability. Ann. Assoc.
Am. Geogr. 93, 1-12. https://doi.org/10.1111/1467-8306.93101

D’Amen, M., Dubuis, A., Fernandes, R.F., Pottier, J., Pellissier, L., Guisan, A., 2015. Using
species richness and functional traits predictions to constrain assemblage predictions
from stacked species distribution models. J. Biogeogr. 42, 1255-1266.
https://doi.org/10.1111/jbi.12485

de Albuquerque, J.P., Herfort, B., Brenning, A., Zipf, A., 2015. A geographic approach for
combining social media and authoritative data towards identifying useful information for
disaster management. Int. J. Geogr. Inf. Sci. 29, 667-689.
https://doi.org/10.1080/13658816.2014.996567

de Aratjo, F.M., Ferreira, L.G., Arantes, A.E., 2012. Distribution Patterns of Burned Areas in
the Brazilian Biomes: An Analysis Based on Satellite Data for the 2002-2010 Period.
Remote Sens. 4, 1929—1946. https://doi.org/10.3390/rs4071929

De Lange, H.J., Sala, S., Vighi, M., Faber, J.H., 2010. Ecological vulnerability in risk assessment
- A review and perspectives. Sci. Total Environ. 408, 3871-3879.
https://doi.org/10.1016/j.scitotenv.2009.11.009

de O. Milfont, M., Rocha, E.E.M., Lima, A.O.N., Freitas, B.M., 2013. Higher soybean
production using honeybee and wild pollinators, a sustainable alternative to pesticides
and autopollination. Environ. Chem. Lett. 11, 335-341. https://doi.org/10.1007/s10311-
013-0412-8

de Oliveira, S.N., de Carvalho Junior, O.A., Gomes, R.A.T., Guimaraes, R.F., McManus, C.M.,
2017. Landscape-fragmentation change due to recent agricultural expansion in the
Brazilian Savanna, Western Bahia, Brazil. Reg. Environ. Chang. 17, 411-423.
https://doi.org/10.1007/s10113-016-0960-0

de Oliveira Silva, R., Barioni, L.G., Moran, D., 2015. Greenhouse gas mitigation through
sustainable intensification of livestock production in the Brazilian cerrado. EuroChoices
14, 28-34. https://doi.org/10.1111/1746-692X.12079

Dias, L.C.P., Pimenta, F.M., Santos, A.B., Costa, M.H., Ladle, R.J., 2016. Patterns of land use,
extensification, and intensification of Brazilian agriculture. Glob. Chang. Biol. 22, 2887—
2903. https://doi.org/10.1111/gcb.13314

Dickie, A., Magno, 1., Giampietro, J., Dolginow, A., 2016. Challenges and Opportunities for
Conservation, Agricultural Production, and Social Inclusion in the Cerrado Biome 54.

Diepen, C.A. Van, Keulen, H. Van, Rappoldt, C., 1989. WOFOST: a simulation model of crop
production 5.

Distler, T., Schuetz, J.G., Veladsquez-Tibata, J., Langham, G.M., 2015. Stacked species
distribution models and macroecological models provide congruent projections of avian

16



species richness under climate change. J. Biogeogr. 42, 976-988.
https://doi.org/10.1111/jbi1.12479

Donahue, J., Hendricks, L.A., Rohrbach, M., Venugopalan, S., Guadarrama, S., Saenko, K.,
Darrell, T., 2017. Long-Term Recurrent Convolutional Networks for Visual Recognition
and Description. IEEE Trans. Pattern Anal. Mach. Intell. 39, 677-691.
https://doi.org/10.1109/TPAMI.2016.2599174

Dorigo, W.A., Zurita-milla, R., Wit, A.J.W. De, Brazile, J., 2007. A review on reflective remote
sensing and data assimilation techniques for enhanced agroecosystem modeling 9, 165—
193. https://doi.org/10.1016/}.jag.2006.05.003

Dragoni, D., Schmid, H.P., Grimmond, C.S.B., Loescher, H.W., 2007. Uncertainty of annual net
ecosystem productivity estimated using eddy covariance flux measurements. J. Geophys.
Res. Atmos. 112, 1-9. https://doi.org/10.1029/2006JD008 149

Dubinin, M., Potapov, P., Lushchekina, A., Radeloff, V.C., 2010. Reconstructing long time
series of burned areas in arid grasslands of southern Russia by satellite remote sensing.
Remote Sens. Environ. 114, 1638—1648. https://doi.org/10.1016/j.rse.2010.02.010

Dutta, D., Kundu, A., Patel, N.R., Saha, S.K., Siddiqui, A.R., 2015. Assessment of agricultural
drought in Rajasthan (India) using remote sensing derived Vegetation Condition Index
(VCI) and Standardized Precipitation Index (SPI). Egypt. J. Remote Sens. Sp. Sci. 18,
53—63. https://doi.org/10.1016/j.jrs.2015.03.006

Eduardo, E., Magalh, A., Alberto, C., 2014. Nota 1 Técnica 1-18.

Elias, M.A.S., Borges, F.J.A., Bergamini, L.L., Franceschinelli, E. V., Sujii, E.R., 2017. Climate
change threatens pollination services in tomato crops in Brazil. Agric. Ecosyst. Environ.
239, 257-264. https://doi.org/10.1016/j.agee.2017.01.026

Elith, J., Graham, C.H., 2009. Do they ? How do they ? WHY do they differ ? On finding reasons
for differing performances of species distribution models. https://doi.org/10.1111/j.1600-
0587.2008.05505.x

Elith, J., Leathwick, J.R., 2009. Species Distribution Models: Ecological Explanation and
Prediction Across Space and Time. Annu. Rev. Ecol. Evol. Syst. 40, 677-697.
https://doi.org/10.1146/annurev.ecolsys.110308.120159

EPA, 2019. The 2018 EPA Automotive Trends Report, EPA.

Erickson, E.H., 2008. Honey Bee. Encycl. Neurosci. 1864—1864. https://doi.org/10.1007/978-3-
540-29678-2 2248

Ezeh, A.C., Bongaarts, J., Mberu, B., 2012. Global population trends and policy options. Lancet
380, 142—148. https://doi.org/10.1016/S0140-6736(12)60696-5

Filho, A.C., Costa, K., 2016. The expansion of soybean production in the Cerrado 28.

17



Frankenberg, C., Fisher, J.B., Worden, J., Badgley, G., Saatchi, S.S., Lee, J.E., Toon, G.C., Butz,
A., Jung, M., Kuze, A., Yokota, T., 2011. New global observations of the terrestrial
carbon cycle from GOSAT: Patterns of plant fluorescence with gross primary
productivity. Geophys. Res. Lett. 38, 1-6. https://doi.org/10.1029/2011GL048738

Fu, G., Wu, J.S., 2017. Validation of MODIS collection 6 FPAR/LAI in the Alpine Grassland of
the northern Tibetan plateau. Remote Sens. Lett. 8, 831-838.
https://doi.org/10.1080/2150704X.2017.1331054

Fu, Z., Stoy, P.C., Luo, Y., Chen, J., Sun, J., Montagnani, L., Wohlfahrt, G., Rahman, A.F.,
Rambal, S., Bernhofer, C., Wang, J., Shirkey, G., Niu, S., 2017. Climate controls over the
net carbon uptake period and amplitude of net ecosystem production in temperate and
boreal ecosystems. Agric. For. Meteorol. 243, 9—18.
https://doi.org/10.1016/j.agrformet.2017.05.009

Fuchs, R., Schulp, C.J.E., Hengeveld, G.M., Verburg, P.H., Clevers, J.G.P.W., Schelhaas, M.J.,
Herold, M., 2016. Assessing the influence of historic net and gross land changes on the
carbon fluxes of Europe. Glob. Chang. Biol. 22, 2526-2539.
https://doi.org/10.1111/gcb.13191

Fuchs, S., Birkmann, J., Glade, T., 2012. Vulnerability assessment in natural hazard and risk
analysis: Current approaches and future challenges. Nat. Hazards 64, 1969—1975.
https://doi.org/10.1007/s11069-012-0352-9

Fiissel, H.M., 2007. Vulnerability: A generally applicable conceptual framework for climate
change research. Glob. Environ. Chang. 17, 155-167.
https://doi.org/10.1016/j.gloenvcha.2006.05.002

Galv, F., Villalobos, F., Marco, P. De, Jose, S., 2017. Using worldwide edaphic data to model
plant species niches : An assessment at a continental extent 1-24.

Gauthier, T.D., 2001. Detecting trends using Spearman’s rank correlation coefficient. Environ.
Forensics 2, 359—-362. https://doi.org/10.1006/enfo.2001.0061

GhasemiGol, M., Monsefi, R., Yazdi, H.S., 2009. Ellipse support vector data description.
Commun. Comput. Inf. Sci. 43 CCIS, 257-268. https://doi.org/10.1007/978-3-642-
03969-0 24

Giannini, T.C., Acosta, A.L., Garéfalo, C.A., Saraiva, A.M., Alves-dos-Santos, 1., Imperatriz-
Fonseca, V.L., 2012. Pollination services at risk: Bee habitats will decrease owing to
climate change in Brazil. Ecol. Modell. 244, 127-131.
https://doi.org/10.1016/j.ecolmodel.2012.06.035

Giannini, T.C., Boff, S., Cordeiro, G.D., Cartolano, E.A., Veiga, A.K., Imperatriz-Fonseca, V.L.,
Saraiva, A.M., 2015a. Crop pollinators in Brazil: a review of reported interactions.
Apidologie 46, 209-223. https://doi.org/10.1007/s13592-014-0316-z

18



Giannini, T.C., Cordeiro, G.D., Freitas, B.M., Saraiva, A.M., Imperatriz-Fonseca, V.L., 2015b.
The Dependence of Crops for Pollinators and the Economic Value of Pollination in
Brazil. J. Econ. Entomol. 108, 849-857. https://doi.org/10.1093/jee/tov093

Gibbs, H.K., Rausch, L., Munger, J., Schelly, 1., Morton, D.C., Noojipady, P., Soares-Filho, B.,
Barreto, P., Micol, L., Walker, N.F., 2015. Brazil’s Soy Moratorium. Science (80-. ). 347,
377-378. https://doi.org/10.1126/science.aaa0181

Gitelson, A.A., Gamon, J.A., 2015. The need for a common basis for defining light-use
efficiency: Implications for productivity estimation. Remote Sens. Environ. 156, 196—
201. https://doi.org/10.1016/j.rse.2014.09.017

Godfray, H.C.J., R, B.J., Crute, .R., Haddad, L., Lawrence, D., Muir, J.F., Pretty, J., Robinson,
S., Thomas, S.M., Toulmin, C., 2010. Food Security: The Challenge of 327, 812—818.

Gomes, L., Simoes, S.J.C., Dalla Nora, E.L., de Sousa-Neto, E.R., Forti, M.C., Ometto, J.P.H.B.,
2019. Agricultural expansion in the Brazilian Cerrado: Increased soil and nutrient losses
and decreased agricultural productivity. Land 8, 1-26.
https://doi.org/10.3390/1land8010012

Gomes, L., Simdes, S.J.C., Forti, M.C., Ometto, J.P.H.B., Nora, E.L.D., 2017. Using
Geotechnology to Estimate Annual Soil Loss Rate in the Brazilian Cerrado. J. Geogr. Inf.
Syst. 09, 420—439. https://doi.org/10.4236/jgis.2017.94026

Grecchi, R.C., Gwyn, Q.H.J., Bénié, G.B., Formaggio, A.R., Fahl, F.C., 2014. Land use and land
cover changes in the Brazilian Cerrado: A multidisciplinary approach to assess the
impacts of agricultural expansion. Appl. Geogr. 55, 300-312.
https://doi.org/10.1016/j.apgeog.2014.09.014

Guisan, A., Rahbek, C., 2011. SESAM - a new framework integrating macroecological and
species distribution models for predicting spatio-temporal patterns of species
assemblages. J. Biogeogr. 38, 1433—1444. https://doi.org/10.1111/j.1365-
2699.2011.02550.x

Gulbeyaz, O., Bond-Lamberty, B., Akyurek, Z., West, T.O., 2018. A new approach to evaluate
the MODIS annual NPP product (MOD17A3) using forest field data from Turkey. Int. J.
Remote Sens. 39, 2560-2578. https://doi.org/10.1080/01431161.2018.1430913

Gundecha, P., Liu, H., 2012. Mining Social Media: A Brief Introduction. 2012 TutORials Oper.
Res. 1-17. https://doi.org/10.1287/educ.1120.0105

Gupta, A.K., Negi, M., Nandy, S., Kumar, M., Singh, V., Valente, D., Petrosillo, I., Pandey, R.,
2020. Mapping socio-environmental vulnerability to climate change in different altitude
zones in the Indian Himalayas. Ecol. Indic. 109, 105787.
https://doi.org/10.1016/j.ecolind.2019.105787

19



Hauke, J., Kossowski, T., 2011. Comparison of values of pearson’s and spearman’s correlation
coefficients on the same sets of data. Quaest. Geogr. 30, 87-93.
https://doi.org/10.2478/v10117-011-0021-1

Henrique, P., Barros, B. De, 2019. Deforestation and Human Development in the Brazilian
Agricultural Frontier : an Environmental Kuznets Curve for MATOPIBA 1-20.

Hoehn, P., Tscharntke, T., Tylianakis, J.M., Steffan-dewenter, 1., 2008a. Functional group
diversity of bee pollinators increases crop yield 2283-2291.
https://doi.org/10.1098/rspb.2008.0405

Hoehn, P., Tscharntke, T., Tylianakis, J.M., Steffan-Dewenter, 1., 2008b. Functional group
diversity of bee pollinators increases crop yield. Proc. R. Soc. B Biol. Sci. 275, 2283—
2291. https://doi.org/10.1098/rspb.2008.0405

Horvat, R., Watanabe, M., Yamaguchi, C.K., 2015a. Fertilizer consumption in the region
MATOPIBA and their reflections on Brazilian soybean production. Int. J. Agric. For. 5,
52-59. https://doi.org/10.5923/;.1jaf.20150501.08

Horvat, R., Watanabe, M., Yamaguchi, C.K., 2015b. Fertilizer Consumption in the Region
MATOPIBA and Their Reflections on Brazilian Soybean Production 5, 52—59.
https://doi.org/10.5923/;.1jaf.20150501.08

Hu, X., Weng, Q., 2009. Estimating impervious surfaces from medium spatial resolution
imagery using the self-organizing map and multi-layer perceptron neural networks.
Remote Sens. Environ. 113, 2089-2102. https://doi.org/10.1016/j.rse.2009.05.014

Huang, J., Sedano, F., Huang, Y., Ma, H., Li, X., Liang, S., Tian, L., Zhang, X., Fan, J., Wu, W.,
2016a. Assimilating a synthetic Kalman filter leaf area index series into the WOFOST
model to improve regional winter wheat yield estimation. Agric. For. Meteorol. 216,
188-202. https://doi.org/10.1016/j.agrformet.2015.10.013

Huang, J., Sedano, F., Huang, Y., Ma, H., Li, X., Liang, S., Tian, L., Zhang, X., Fan, J., Wu, W.,
2016b. Agricultural and Forest Meteorology Assimilating a synthetic Kalman filter leaf

area index series into the WOFOST model to improve regional winter wheat yield
estimation 216, 188—-202.

Huang, J., Tian, L., Liang, S., Ma, H., Becker-reshef, 1., 2015. Agricultural and Forest
Meteorology Improving winter wheat yield estimation by assimilation of the leaf area
index from Landsat TM and MODIS data into the WOFOST model. Agric. For.
Meteorol. 204, 106—121. https://doi.org/10.1016/j.agrformet.2015.02.001

Huang, N., Gu, L., Black, T.A., Wang, L., Niu, Z., 2015. Remote sensing-based estimation of

annual soil respiration at two contrasting forest sites. J. Geophys. Res. G Biogeosciences
120, 2306-2325. https://doi.org/10.1002/2015JG003060

20



Huang, N., He, J.S., Niu, Z., 2013. Estimating the spatial pattern of soil respiration in Tibetan
alpine grasslands using Landsat TM images and MODIS data. Ecol. Indic. 26, 117-125.
https://doi.org/10.1016/j.ecolind.2012.10.027

Huang, N., Niu, Z., Wu, C., Tappert, M.C., 2010. Modeling net primary production of a fast-
growing forest using a light use efficiency model. Ecol. Modell. 221, 2938-2948.
https://doi.org/10.1016/j.ecolmodel.2010.08.041

Huang, T., Wang, J., Liang, L., Luo, X., Wang, L., Zhang, L., 2018. Estimation of NEP in
Downtown Xuzhou in 2016 Based on CASA Model. 2018 7th Int. Conf. Agro-
Geoinformatics, Agro-Geoinformatics 2018 1—4. https://doi.org/10.1109/Agro-
Geoinformatics.2018.8476067

Hunke, P., Mueller, E.N., Schréder, B., Zeilhofer, P., 2015a. The Brazilian Cerrado: Assessment
of water and soil degradation in catchments under intensive agricultural use.
Ecohydrology 8, 1154—1180. https://doi.org/10.1002/eco.1573

Hunke, P., Roller, R., Zeilhofer, P., Schréder, B., Mueller, E.N., 2015b. Soil changes under
different land-uses in the Cerrado of Mato Grosso, Brazil. Geoderma Reg. 4, 31-43.
https://doi.org/10.1016/j.geodrs.2014.12.001

Hursh, A., Ballantyne, A., Cooper, L., Maneta, M., Kimball, J., Watts, J., 2017. The sensitivity
of soil respiration to soil temperature, moisture, and carbon supply at the global scale.
Glob. Chang. Biol. 23, 2090-2103. https://doi.org/10.1111/gcb.13489

Ian Goodfellow, Yoshua Bengio, A.C., 2016. Deep Learning - lan Goodfellow, Yoshua Bengio,
Aaron Courville - Google Books, MIT Press.

IBGE, 2016. Cidades@ [WWW Document]. 2016.

Imbach, P., Fung, E., Hannah, L., Navarro-racines, C.E., Roubik, D.W., Ricketts, T.H., 2017a.
Coupling of pollination services and coffee suitability under climate change 114, 10438—
10442. https://doi.org/10.1073/pnas.1617940114

Imbach, P., Fung, E., Hannah, L., Navarro-Racines, C.E., Roubik, D.W., Ricketts, T.H., Harvey,
C.A., Donatti, C.I., Laderach, P., Locatelli, B., Roehrdanz, P.R., 2017b. Coupling of
pollination services and coffee suitability under climate change. Proc. Natl. Acad. Sci.
114, 10438-10442. https://doi.org/10.1073/pnas. 1617940114

Imperatriz-Fonseca, V.L., Giannini, T.C., Biesmeijer, J., Garibaldi, L.A., Costa, W.F., Cordeiro,
G.D., Saraiva, A.M., 2017. Projected climate change threatens pollinators and crop
production in Brazil. PLoS One 12, e0182274.
https://doi.org/10.1371/journal.pone.0182274

Jackson, R.B., Randerson, J.T., Canadell, J.G., Anderson, R.G., Avissar, R., Baldocchi, D.D.,
Bonan, G.B., Caldeira, K., Diffenbaugh, N.S., Field, C.B., Hungate, B.A., Jobbagy, E.G.,
Kueppers, L.M., Nosetto, M.D., Pataki, D.E., 2008. J.1600-0889.1992.T01-1-00001.X.
Environ. Res. Lett. https://doi.org/10.1088/1748-9326/3/4/044006

21



Javadi, S., Hashemy, S.M., Mohammadi, K., Howard, K.W.F., Neshat, A., 2017. Classification
of aquifer vulnerability using K-means cluster analysis. J. Hydrol. 549, 27-37.
https://doi.org/10.1016/j.jhydrol.2017.03.060

Jepson, W., 2005. A disappearing biome? Reconsidering land-cover change in the Brazilian
savanna. Geogr. J. 171, 99-111. https://doi.org/10.1111/j.1475-4959.2005.00153.x

Jian, J., Steele, M.K., Thomas, R.Q., Day, S.D., Hodges, S.C., 2018. Constraining estimates of
global soil respiration by quantifying sources of variability. Glob. Chang. Biol. 24, 4143—
4159. https://doi.org/10.1111/gcb.14301

Jin, X., Kumar, L., Li, Z., Feng, H., Xu, X., Yang, G., Wang, J., 2018. A review of data
assimilation of remote sensing and crop models. Eur. J. Agron. 92, 141-152.
https://doi.org/10.1016/j.eja.2017.11.002

Jones, J.W., Hoogenboom, G., Porter, C.H., Boote, K.J., Batchelor, W.D., Hunt, L.A., Wilkens,
P.W., Singh, U., Gijsman, A.J., Ritchie, J.T., 2003. The DSSAT cropping system model.

Jung, M., Reichstein, M., Margolis, H.A., Cescatti, A., Richardson, A.D., Arain, M.A., Arneth,
A., Bernhofer, C., Bonal, D., Chen, J., Gianelle, D., Gobron, N., Kiely, G., Kutsch, W.,
Lasslop, G., Law, B.E., Lindroth, A., Merbold, L., Montagnani, L., Moors, E.J., Papale,
D., Sottocornola, M., Vaccari, F., Williams, C., 2011. Global patterns of land-atmosphere
fluxes of carbon dioxide, latent heat, and sensible heat derived from eddy covariance,
satellite, and meteorological observations. J. Geophys. Res. Biogeosciences 116, 1-16.
https://doi.org/10.1029/2010JG001566

Karnieli, A., Bayasgalan, M., Bayarjargal, Y., Agam, N., Khudulmur, S., Tucker, C.J., 2006.
Comments on the use of the Vegetation Health Index over Mongolia. Int. J. Remote Sens.
27,2017-2024. https://doi.org/10.1080/01431160500121727

Kerr, Jeremy T, Ostrovsky, M., 2003. From space to species : ecological applications for remote
sensing 18, 299-305. https://doi.org/10.1016/S0169-5347(03)00071-5

Kerr, Jeremy T., Ostrovsky, M., 2003. From space to species: Ecological applications for remote
sensing. Trends Ecol. Evol. 18, 299-305. https://doi.org/10.1016/S0169-5347(03)00071-
5

Kirschbaum, M.U.F., Eamus, D., Gifford, R.M., Roxburgh, S.H., Sands, P.J., 2001. C
Accounting Definitions 18-20.

Klink, C.A., Machado, R.B., 2005. Conservation of the Brazilian Cerrado 19, 707-713.

Kotsiantis, S.B., Zaharakis, I.D., Pintelas, P.E., 2006. Machine learning: A review of
classification and combining techniques. Artif. Intell. Rev. 26, 159-190.
https://doi.org/10.1007/s10462-007-9052-3

Kramer-Schadt, S., Niedballa, J., Pilgrim, J.D., Schroder, B., Lindenborn, J., Reinfelder, V.,
Stillfried, M., Heckmann, 1., Scharf, A K., Augeri, D.M., Cheyne, S.M., Hearn, A.J.,

22



Ross, J., Macdonald, D.W., Mathai, J., Eaton, J., Marshall, A.J., Semiadi, G., Rustam, R.,
Bernard, H., Alfred, R., Samejima, H., Duckworth, J.W., Breitenmoser-Wuersten, C.,
Belant, J.L., Hofer, H., Wilting, A., 2013. The importance of correcting for sampling bias
in MaxEnt species distribution models. Divers. Distrib. 19, 1366—1379.
https://doi.org/10.1111/ddi.12096

Lahsen, M., Bustamante, M.M.C., Dalla-Nora, E.L., 2016. Undervaluing and overexploiting the
Brazilian Cerrado at our peril. Environment 58, 4-15.
https://doi.org/10.1080/00139157.2016.1229537

Lai, L., Huang, X., Yang, H., Chuai, X., Zhang, M., Zhong, T., Chen, Z., Chen, Y., Wang, X.,
Thompson, J.R., 2016. Carbon emissions from land-use change and management in
China between 1990 and 2010. Sci. Adv. 2, 1-9. https://doi.org/10.1126/sciadv.1601063

Lambin, E.F., Geist, H.J., Lepers, E., 2003. D YNAMICS OF L AND -U SE AND L AND -C
OVER C HANGE IN T ROPICAL R EGIONS.
https://doi.org/10.1146/annurev.energy.28.050302.105459

Lambin, E.F., Meyfroidt, P., 2010. Land use transitions: Socio-ecological feedback versus socio-
economic change. Land use policy 27, 108—118.
https://doi.org/10.1016/j.landusepol.2009.09.003

Lange, H.J. De, Sala, S., Vighi, M., Faber, J.H., 2010. Science of the Total Environment
Ecological vulnerability in risk assessment — A review and perspectives. Sci. Total
Environ. 408, 3871-3879. https://doi.org/10.1016/j.scitotenv.2009.11.009

Laurance, W.F., Sayer, J., Cassman, K.G., 2014. Agricultural expansion and its impacts on
tropical nature. Trends Ecol. Evol. 29, 107-116.
https://doi.org/10.1016/j.tree.2013.12.001

Lavorel, S., Thuiller, W., Brotons, L., Aratjo, M.B., 2004. Effects of restricting environmental
range of data to project current and future species distributions. Ecography (Cop.). 2.

Law, B.E., Waring, R.H., Anthoni, P.M., Aber, J.D., 2000. Measurements of gross and net
ecosystem productivity and water vapour exchange of a Pinus ponderosa ecosystem, and
an evaluation of two generalized models. Glob. Chang. Biol. 6, 155-168.
https://doi.org/10.1046/j.1365-2486.2000.00291.x

Lecun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. https://doi.org/10.1038/nature14539

Leite, C.C., Costa, M.H., Soares-filho, B.S., 2012. Historical land use change and associated
carbon emissions in Brazil from 1940 to 1995 26, 1-13.
https://doi.org/10.1029/2011GB004133

Leroy, B., Delsol, R., Hugueny, B., Meynard, C.N., Barhoumi, C., Barbet-Massin, M., Bellard,
C., 2018a. Without quality presence—absence data, discrimination metrics such as TSS
can be misleading measures of model performance. J. Biogeogr. 45, 1994-2002.
https://doi.org/10.1111/jbi.13402

23



Leroy, B., Delsol, R., Hugueny, B., Meynard, C.N., Barhoumi, C., Barbet-Massin, M., Bellard,
C., 2018b. Without quality presence—absence data, discrimination metrics such as TSS
can be misleading measures of model performance. J. Biogeogr. 45, 1994-2002.

https://doi.org/10.1111/jbi.13402

Li, A., Wang, A., Liang, S., Zhou, W., 2006. Eco-environmental vulnerability evaluation in
mountainous region using remote sensing and GIS - A case study in the upper reaches of
Minjiang River, China. Ecol. Modell. 192, 175-187.
https://doi.org/10.1016/j.ecolmodel.2005.07.005

Li, G., Han, H., Du, Y., Hui, D., Xia, J., Niu, S., Li, X., Wan, S., 2017. Effects of warming and
increased precipitation on net ecosystem productivity: A long-term manipulative
experiment in a semiarid grassland. Agric. For. Meteorol. 232, 359-366.
https://doi.org/10.1016/j.agrformet.2016.09.004

Li, L., Shi, Z.H., Yin, W., Zhu, D., Ng, S.L., Cai, C.F., Lei, A.L., 2009. A fuzzy analytic
hierarchy process (FAHP) approach to eco-environmental vulnerability assessment for
the danjiangkou reservoir area, China. Ecol. Modell. 220, 3439-3447.
https://doi.org/10.1016/j.ecolmodel.2009.09.005

Li, W,, Fu, H., Yu, L., Gong, P., Feng, D., Li, C., Clinton, N., 2016. Stacked Autoencoder-based
deep learning for remote-sensing image classification: a case study of African land-cover
mapping. Int. J. Remote Sens. 37, 5632-5646.
https://doi.org/10.1080/01431161.2016.1246775

Liao, X., Li, W., Hou, J., 2013. Application of GIS Based Ecological Vulnerability Evaluation in
Environmental Impact Assessment of Master Plan of Coal Mining Area. Procedia
Environ. Sci. 18, 271-276. https://doi.org/10.1016/j.proenv.2013.04.035

Lin, Z., Chen, Y., Zhao, X., Wang, G., 2013. Spectral-spatial classification of hyperspectral
image using autoencoders. ICICS 2013 - Conf. Guid. 9th Int. Conf. Information,
Commun. Signal Process. 1-5. https://doi.org/10.1109/ICICS.2013.6782778

Liu, Z., Hu, M., Hu, Y., Wang, G., 2018. Estimation of net primary productivity of forests by
modified CASA models and remotely sensed data. Int. J. Remote Sens. 39, 1092-1116.
https://doi.org/10.1080/01431161.2017.1381352

Lizundia-Loiola, J., Otén, G., Ramo, R., Chuvieco, E., 2020. A spatio-temporal active-fire
clustering approach for global burned area mapping at 250 m from MODIS data. Remote
Sens. Environ. 236, 111493. https://doi.org/10.1016/j.rse.2019.111493

Lobell, D.B., Field, C.B., 2007. Global scale climate-crop yield relationships and the impacts of
recent warming. Environ. Res. Lett. 2. https://doi.org/10.1088/1748-9326/2/1/014002

Lobell, D.B., Sibley, A., Ivan Ortiz-Monasterio, J., 2012. Extreme heat effects on wheat
senescence in India. Nat. Clim. Chang. 2, 186—189. https://doi.org/10.1038/nclimate1356

24



Loos, J., Abson, D.J., Chappell, M.J., Hanspach, J., Mikulcak, F., Tichit, M., Fischer, J., 2014.
Putting meaning back into “sustainable intensification.” Front. Ecol. Environ. 12, 356—
361. https://doi.org/10.1890/130157

Lovett, G.M., Cole, J.J., Pace, M.L., 2006. Is net ecosystem production equal to ecosystem
carbon accumulation? Ecosystems 9, 152—155. https://doi.org/10.1007/s10021-005-0036-
3

Luo, D., Goodin, D.G., Caldas, M.M., 2019. Spatial-temporal analysis of land cover change at
the bento rodrigues dam disaster area using machine learning techniques. Remote Sens.
11. https://doi.org/10.3390/rs11212548

Lv, F., Han, M., Qiu, T., 2017. Remote Sensing Image Classification Based on Ensemble
Extreme Learning Machine with Stacked Autoencoder. IEEE Access 5, 9021-9031.
https://doi.org/10.1109/ACCESS.2017.2706363

Ma, H., Huang, J., Zhu, D., Liu, J., Su, W., Zhang, C., 2013. Estimating regional winter wheat
yield by assimilation of time series of HJ-1 CCD NDVI into WOFOST — ACRM model
with Ensemble Kalman Filter. Math. Comput. Model. 58, 759-770.
https://doi.org/10.1016/j.mcm.2012.12.028

Ma, X., Wang, H., Geng, J., 2016. Spectral-Spatial Classification of Hyperspectral Image Based
on Deep Auto-Encoder. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 9, 4073—4085.
https://doi.org/10.1109/JSTARS.2016.2517204

Maggiori, E., Tarabalka, Y., Charpiat, G., Alliez, P., 2016. Fully convolutional neural networks
for remote sensing image classification. Int. Geosci. Remote Sens. Symp. 2016-Novem,
5071-5074. https://doi.org/10.1109/IGARSS.2016.7730322

MAPA, 2019. Projecdes do Agronegocio: Brasil 2018/19 a 2028/29 proje¢des de longo prazo,
Proje¢des do Agronegocio: Brasil 2018/19 a 2028/29 projegdes de longo prazo.

Marchioro, C.A., Krechemer, F.S., 2018. Potential global distribution of Diabrotica species and
the risks for agricultural production. Pest Manag. Sci. 74, 2100-2109.
https://doi.org/10.1002/ps.4906

Martinelli, L., Batistella, M., Silva, R., Moran, E., 2017. Soy Expansion and Socioeconomic
Development in Municipalities of Brazil. Land 6, 62.
https://doi.org/10.3390/1land6030062

Martinelli, L.A., Naylor, R., Vitousek, P.M., Moutinho, P., 2010. Agriculture in Brazil: Impacts,
costs, and opportunities for a sustainable future. Curr. Opin. Environ. Sustain. 2, 431—
438. https://doi.org/10.1016/j.cosust.2010.09.008

Mas, J.F., Flores, J.J., 2008. The application of artificial neural networks to the analysis of

remotely sensed data. Int. J. Remote Sens. 29, 617-663.
https://doi.org/10.1080/01431160701352154

25



McLaughlin, P., Dietz, T., 2008. Structure, agency and environment: Toward an integrated
perspective on vulnerability. Glob. Environ. Chang. 18, 99—111.
https://doi.org/10.1016/j.gloenvcha.2007.05.003

Merten, G.H., Minella, J.P.G., 2013. The expansion of Brazilian agriculture: Soil erosion
scenarios. Int. Soil Water Conserv. Res. 1, 37—48. https://doi.org/10.1016/S2095-
6339(15)30029-0

Metzger, M.J., Rounsevell, M.D.A., Acosta-Michlik, L., Leemans, R., Schréter, D., 2006. The
vulnerability of ecosystem services to land use change. Agric. Ecosyst. Environ. 114, 69—
85. https://doi.org/10.1016/j.agee.2005.11.025

Mira, M., Weiss, M., Baret, F., Courault, D., Hagolle, O., Gallego-Elvira, B., Olioso, A., 2015.
The MODIS (collection V006) BRDF/albedo product MCD43D: Temporal course
evaluated over agricultural landscape. Remote Sens. Environ. 170, 216-228.
https://doi.org/10.1016/j.rse.2015.09.021

Mishra, S., Mishra, S., Salk, H., Nathan, K., 2017. A MANUSH or HUMANS characterisation
of the Human Development Index Hippu Salk Kristle Nathan ( an ICSSR institute in
collaboration with Government of Odisha ) December 2017 A MANUSH or HUMANS

characterisation of the Human Development Index 1.

Moriondo, M., Maselli, F., Bindi, M., 2007. A simple model of regional wheat yield based on
NDVI data 26, 266—274. https://doi.org/10.1016/j.€ja.2006.10.007

Mountrakis, G., Im, J., Ogole, C., 2011. Support vector machines in remote sensing: A review.
ISPRS J. Photogramm. Remote Sens. 66, 247-259.
https://doi.org/10.1016/j.isprsjprs.2010.11.001

Nandy, S., Singh, C., Das, K.K., Kingma, N.C., Kushwaha, S.P.S., 2015. Environmental
vulnerability assessment of eco-development zone of Great Himalayan National Park,
Himachal Pradesh, India. Ecol. Indic. 57, 182-195.
https://doi.org/10.1016/j.ecolind.2015.04.024

Ndikumana, E., Minh, D.H.T., Baghdadi, N., Courault, D., Hossard, L., 2018. Deep recurrent
neural network for agricultural classification using multitemporal SAR Sentinel-1 for
Camargue, France. Remote Sens. 10, 1-16. https://doi.org/10.3390/rs10081217

Neset, T.S., 2015. Assessment of composite index methods for agricultural vulnerability to
climate change 156, 70-80. https://doi.org/10.1016/j.jenvman.2015.03.020

Noojipady, P., Morton, C.D., Macedo, N.M., Victoria, C.D., Huang, C., Gibbs, K.H., Bolfe,
L.E., 2017a. Forest carbon emissions from cropland expansion in the Brazilian Cerrado
biome. Environ. Res. Lett. 12. https://doi.org/10.1088/1748-9326/2a5986

Noojipady, P., Morton, D.C., Macedo, M.N., Victoria, D.C., 2017b. Forest carbon emissions
from cropland expansion in the Brazilian Cerrado biome Forest carbon emissions from

26



cropland expansion in the Brazilian Cerrado biome. https://doi.org/10.1088/1748-
9326/aa5986

Nowak, A., Schneider, C., 2017. Science of the Total Environment Environmental characteristics
, agricultural land use , and vulnerability to degradation in Malopolska Province ( Poland
). Sci. Total Environ. 590-591, 620-632. https://doi.org/10.1016/j.scitotenv.2017.03.006

O’Brien, K., Leichenko, R., Kelkar, U., Venema, H., Aandahl, G., Tompkins, H., Javed, A.,
Bhadwal, S., Barg, S., Nygaard, L., West, J., 2004. Mapping vulnerability to multiple
stressors: Climate change and globalization in India. Glob. Environ. Chang. 14, 303-313.
https://doi.org/10.1016/j.gloenvcha.2004.01.001

Overbeck, G.E., Miiller, S.C., Fidelis, A., Pfadenhauer, J., Pillar, V.D., Blanco, C.C., Boldrini,
LI, Both, R., Forneck, E.D., 2007. Brazil’s neglected biome: The South Brazilian
Campos. Perspect. Plant Ecol. Evol. Syst. 9, 101-116.
https://doi.org/10.1016/j.ppees.2007.07.005

Pacifici, M., Foden, W.B., Visconti, P., Watson, J.E.M., Butchart, S.H.M., Kovacs, K.M.,
Scheffers, B.R., Hole, D.G., Martin, T.G., Akcakaya, H.R., Corlett, R.T., Huntley, B.,
Bickford, D., Carr, J.A., Hoffmann, A.A., Midgley, G.F., Pearce-Kelly, P., Pearson, R.G.,
Williams, S.E., Willis, S.G., Young, B., Rondinini, C., 2015. Assessing species
vulnerability to climate change. Nat. Clim. Chang. 5, 215-225.
https://doi.org/10.1038/nclimate2448

Paoletti, M.E., Haut, J.M., Plaza, J., Plaza, A., 2018. A new deep convolutional neural network
for fast hyperspectral image classification. ISPRS J. Photogramm. Remote Sens. 145,
120-147. https://doi.org/10.1016/].isprsjprs.2017.11.021

Pathak, K., Malhi, Y., Sileshi, G.W., Das, A.K., Nath, A.J., 2018. Net ecosystem productivity
and carbon dynamics of the traditionally managed Imperata grasslands of North East
India. Sci. Total Environ. 635, 1124-1131.
https://doi.org/10.1016/j.scitotenv.2018.04.230

Pecl, G.T., Araujo, M.B., Bell, J.D., Blanchard, J., Bonebrake, T.C., Chen, I.C., Clark, T.D.,
Colwell, R.K., Danielsen, F., Evengard, B., Falconi, L., Ferrier, S., Frusher, S., Garcia,
R.A., Griffis, R.B., Hobday, A.J., Janion-Scheepers, C., Jarzyna, M.A., Jennings, S.,
Lenoir, J., Linnetved, H.I., Martin, V.Y., McCormack, P.C., McDonald, J., Mitchell, N.J.,
Mustonen, T., Pandolfi, J.M., Pettorelli, N., Popova, E., Robinson, S.A., Scheffers, B.R.,
Shaw, J.D., Sorte, C.J.B., Strugnell, J.M., Sunday, J.M., Tuanmu, M.N., Vergés, A.,
Villanueva, C., Wernberg, T., Wapstra, E., Williams, S.E., 2017. Biodiversity
redistribution under climate change: Impacts on ecosystems and human well-being.
Science (80-. ). 355. https://doi.org/10.1126/science.aai9214

Pei, F., Wu, C,, Liu, X., Li, X., Yang, K., Zhou, Y., Wang, K., Xu, L., Xia, G., 2018. Monitoring

the vegetation activity in China using vegetation health indices. Agric. For. Meteorol.
248, 215-227. https://doi.org/10.1016/j.agrformet.2017.10.001

27



Peng, Y., Gitelson, A.A., Sakamoto, T., 2013. Remote estimation of gross primary productivity
in crops using MODIS 250m data. Remote Sens. Environ. 128, 186—196.
https://doi.org/10.1016/j.rse.2012.10.005

Pereira, A.A., Pereira, J M.C., Libonati, R., Oom, D., Setzer, A.W., Morelli, F., Machado-Silva,
F., de Carvalho, L.M.T., 2017. Burned area mapping in the Brazilian Savanna using a

one-class support vector machine trained by active fires. Remote Sens. 9.
https://doi.org/10.3390/rs9111161

Peterson, A.T., Soberén, J., 2012. Species distribution modeling and ecological niche modeling:
Getting the Concepts Right. Nat. a Conserv. 10, 102-107.
https://doi.org/10.4322/natcon.2012.019

Petscharnig, S., Lux, M., Chatzichristofis, S., 2017. Dimensionality reduction for image features
using deep learning and autoencoders. ACM Int. Conf. Proceeding Ser. Part F1301.
https://doi.org/10.1145/3095713.3095737

Phillips, S.J., Avenue, P., Park, F., 1997. Maximum Entropy Approach to Species
Distribution.pdf.

Piao, S., Fang, J., Ciais, P., Peylin, P., Huang, Y., Sitch, S., Wang, T., 2009. The carbon balance
of terrestrial ecosystems in China. Nature 458, 1009—1013.
https://doi.org/10.1038/nature07944

Piao, S., Sitch, S., Ciais, P., Friedlingstein, P., Peylin, P., Wang, X., Ahlstrom, A., Anav, A.,
Canadell, J.G., Cong, N., Huntingford, C., Jung, M., Levis, S., Levy, P.E., Li, J., Lin, X.,
Lomas, M.R., Lu, M., Luo, Y., Ma, Y., Myneni, R.B., Poulter, B., Sun, Z., Wang, T.,
Viovy, N., Zaehle, S., Zeng, N., 2013. Evaluation of terrestrial carbon cycle models for
their response to climate variability and to CO2 trends. Glob. Chang. Biol. 19, 2117—
2132. https://doi.org/10.1111/gcb.12187

Pivello, V.R., 2011. The use of fire in the cerrado and Amazonian rainforests of Brazil: Past and
present. Fire Ecol. 7, 24-39. https://doi.org/10.4996/fireecology.0701024

Potter, C., Klooster, S., Huete, A., Genovese, V., Bustamante, M., Guimaraes Ferreira, L., De
Oliveira, R.C., Zepp, R., 2009. Terrestrial carbon sinks in the brazilian amazon and
cerrado region predicted from MODIS satellite data and ecosystem modeling.
Biogeosciences 6, 937-945. https://doi.org/10.5194/bg-6-937-2009

Potts, S.G., Biesmeijer, J.C., Kremen, C., Neumann, P., Schweiger, O., Kunin, W.E., 2010.
Global pollinator declines: Trends, impacts and drivers. Trends Ecol. Evol. 25, 345-353.
https://doi.org/10.1016/j.tree.2010.01.007

Poynton, J.C., Loader, S.P., Sherratt, E., Clarke, B.T., 2007. Biodiversity hotspots for
conservation priorities. Biodivers. Conserv. 16, 853—858.
https://doi.org/10.1080/21564574.1998.9650003

28



Prasad, A K., Chai, L., Singh, R.P., Kafatos, M., 2006. Crop yield estimation model for lowa
using remote sensing and surface parameters. Int. J. Appl. Earth Obs. Geoinf. 8, 26-33.
https://doi.org/10.1016/j.jag.2005.06.002

Preston, B.L., Yuen, E.J., Westaway, R.M., 2011. Putting vulnerability to climate change on the
map : a review of approaches , benefits , and risks 177-202.
https://doi.org/10.1007/s11625-011-0129-1

Qiao, Z., Yang, X., Liu, J., Xu, X., 2013. Ecological vulnerability assessment integrating the
spatial analysis technology with algorithms: A case of the wood-grass ecotone of
northeast china. Abstr. Appl. Anal. 2013. https://doi.org/10.1155/2013/207987

Quiring, S.M., Ganesh, S., 2010. Evaluating the utility of the Vegetation Condition Index (VCI)
for monitoring meteorological drought in Texas. Agric. For. Meteorol. 150, 330-339.
https://doi.org/10.1016/j.agrformet.2009.11.015

Rada, N., 2013. Assessing Brazil’s Cerrado agricultural miracle. Food Policy 38, 146—155.
https://doi.org/10.1016/j.foodpol.2012.11.002

Rafique, R., Zhao, F., De Jong, R., Zeng, N., Asrar, G.R., 2016. Global and regional variability
and change in terrestrial ecosystems net primary production and NDVI: A model-data
comparison. Remote Sens. 8, 1-16. https://doi.org/10.3390/rs8030177

Ran, Y., Li, X., Sun, R., Kljun, N., Zhang, L., Wang, X., Zhu, G., 2016. Spatial
representativeness and uncertainty of eddy covariance carbon flux measurements for
upscaling net ecosystem productivity to the grid scale. Agric. For. Meteorol. 230-231,
114-127. https://doi.org/10.1016/j.agrformet.2016.05.008

Ratter, J.A., Ribeiro, J.F., Bridgewater, S., 1997. The Brazilian cerrado vegetation and threats to
its biodiversity. Ann. Bot. 80, 223-230. https://doi.org/10.1006/anbo.1997.0469

Ravindra, K., Singh, T., Mor, S., 2019. Emissions of air pollutants from primary crop residue
burning in India and their mitigation strategies for cleaner emissions. J. Clean. Prod. 208,
261-273. https://doi.org/10.1016/j.jclepro.2018.10.031

Resch, B., Uslidnder, F., Havas, C., 2018. Combining machine-learning topic models and
spatiotemporal analysis of social media data for disaster footprint and damage
assessment. Cartogr. Geogr. Inf. Sci. 45, 362-376.
https://doi.org/10.1080/15230406.2017.1356242

Ricketts, T.H., Regetz, J., Steffan-Dewenter, 1., Cunningham, S.A., Kremen, C., Bogdanski, A.,
Gemmill-Herren, B., Greenleaf, S.S., Klein, A.M., Mayfield, M.M., Morandin, L.A.,
Ochieng’, A., Potts, S.G., Viana, B.F., 2008. Landscape effects on crop pollination
services: are there general patterns? Ecol. Lett. 11, 499-515.
https://doi.org/10.1111/j.1461-0248.2008.01157.x

29



Rosser, J.F., Leibovici, D.G., Jackson, M.J., 2017. Rapid flood inundation mapping using social
media, remote sensing and topographic data. Nat. Hazards 87, 103—-120.
https://doi.org/10.1007/s11069-017-2755-0

Roxburgh, N., Guan, D., Shin, K.J., Rand, W., Managi, S., Lovelace, R., Meng, J., 2019.
Characterising climate change discourse on social media during extreme weather events.
Glob. Environ. Chang. 54, 50—60. https://doi.org/10.1016/j.gloenvcha.2018.11.004

Ryan, M.G., Law, B.E., 2005. Interpreting, measuring, and modeling soil respiration.
Biogeochemistry 73, 3—27. https://doi.org/10.1007/s10533-004-5167-7

Salvador, M.A., de Brito, J.I.B., 2018. Trend of annual temperature and frequency of extreme
events in the MATOPIBA region of Brazil. Theor. Appl. Climatol. 133, 253-261.
https://doi.org/10.1007/s00704-017-2179-5

Sano, E.E., Rodrigues, A.A., Martins, E.S., Bettiol, G.M., Bustamante, M.M.C., Bezerra, A.S.,
Couto, A.F., Vasconcelos, V., Schiiler, J., Bolfe, E.L., 2019. Cerrado ecoregions: A
spatial framework to assess and prioritize Brazilian savanna environmental diversity for

conservation. J. Environ. Manage. 232, 818—828.
https://doi.org/10.1016/j.jenvman.2018.11.108

Scarano, F.R., Ceotto, P., 2015. and adaptation to climate change. Biodivers. Conserv. 24, 2319—
2331. https://doi.org/10.1007/s10531-015-0972-y

Schmitt, S., Pouteau, R., Justeau, D., de Boissieu, F., Birnbaum, P., 2017. ssdm: An r package to
predict distribution of species richness and composition based on stacked species
distribution models. Methods Ecol. Evol. 8, 1795-1803. https://doi.org/10.1111/2041-
210X.12841

Schwieder, M., Leitao, P.J., Maria, M., Guimaraes, L., Rabe, A., Hostert, P., 2016. International
Journal of Applied Earth Observation and Geoinformation Mapping Brazilian savanna
vegetation gradients with Landsat time series 52, 361-370.

Scurlock, J.M.O., Johnson, K., Olson, R.J., 2002. Estimating net primary productivity from
grassland biomass dynamics measurements. Glob. Chang. Biol. 8, 736-753.
https://doi.org/10.1046/j.1365-2486.2002.00512.x

Sehler, R., Li, J., Reager, J., Ye, H., 2019. Investigating Relationship Between Soil Moisture and
Precipitation Globally Using Remote Sensing Observations. J. Contemp. Water Res.
Educ. 168, 106—118. https://doi.org/10.1111/5.1936-704x.2019.03324.x

Shao, Y., Lunetta, R.S., 2012. Comparison of support vector machine, neural network, and
CART algorithms for the land-cover classification using limited training data points.
ISPRS J. Photogramm. Remote Sens. 70, 78—87.
https://doi.org/10.1016/j.isprsjprs.2012.04.001

30



Sharma, A., Liu, X., Yang, X., Shi, D., 2017. A patch-based convolutional neural network for
remote sensing image classification. Neural Networks 95, 19-28.
https://doi.org/10.1016/j.neunet.2017.07.017

Shi, X., Chen, Z., Wang, H., Yeung, D.Y., Wong, W.K., Woo, W.C., 2015. Convolutional
LSTM network: A machine learning approach for precipitation nowcasting. Adv. Neural
Inf. Process. Syst. 2015-Janua, 802—810.

Silva, D.P., Gonzalez, V.H., Melo, G.A.R., Lucia, M., Alvarez, L.J., Marco, P. De, 2014.
Seeking the flowers for the bees : Integrating biotic interactions into niche models to

assess the distribution of the exotic bee species Lithurgus huberi in South America. Ecol.
Modell. 273, 200-209. https://doi.org/10.1016/j.ecolmodel.2013.11.016

Silva, J.F., Farifias, M.R., Felfili, J.M., Klink, C.A., 2006. Spatial heterogeneity, land use and
conservation in the cerrado region of Brazil. J. Biogeogr. 33, 536-548.
https://doi.org/10.1111/j.1365-2699.2005.01422.x

Sims, D.A., Rahman, A.F., Cordova, V.D., El-Masri, B.Z., Baldocchi, D.D., Flanagan, L.B.,
Goldstein, A.H., Hollinger, D.Y., Misson, L., Monson, R.K., Oechel, W.C., Schmid,
H.P., Wofsy, S.C., Xu, L., 2006. On the use of MODIS EVI to assess gross primary
productivity of North American ecosystems. J. Geophys. Res. Biogeosciences 111, 1-16.
https://doi.org/10.1029/2006JG000162

Skondras, N.A., Karavitis, C.A., Gkotsis, L.I., Scott, P.J.B., Kaly, U.L., Alexandris, S.G., 2011.
Application and assessment of the Environmental Vulnerability Index in Greece. Ecol.
Indic. 11, 1699-1706. https://doi.org/10.1016/j.ecolind.2011.04.010

Smit, B., Wandel, J., 2006. Adaptation, adaptive capacity and vulnerability. Glob. Environ.
Chang. 16, 282-292. https://doi.org/10.1016/j.gloenvcha.2006.03.008

Sommer, J.H., Kreft, H., Kier, G., Jetz, W., Mutke, J., Barthlott, W., 2010. Projected impacts of
climate change on regional capacities for global plant species richness.
https://doi.org/10.1098/rspb.2010.0120

Son, N.T., Chen, C.F., Chen, C.R., Minh, V.Q., Trung, N.H., 2014. A comparative analysis of
multitemporal MODIS EVI and NDVI data for large-scale rice yield estimation. Agric.
For. Meteorol. 197, 52—64. https://doi.org/10.1016/j.agrformet.2014.06.007

Song, C., Liu, F., Huang, Y., Wang, L., Tan, T., 2013. Auto-encoder based data clustering. Lect.
Notes Comput. Sci. (including Subser. Lect. Notes Artif. Intell. Lect. Notes
Bioinformatics) 8258 LNCS, 117—124. https://doi.org/10.1007/978-3-642-41822-8 15

Song, G., Li, Z., Yang, Y., Semakula, H.M., Zhang, S., 2015. Assessment of ecological
vulnerability and decision-making application for prioritizing roadside ecological
restoration: A method combining geographic information system, Delphi survey and
Monte Carlo simulation. Ecol. Indic. 52, 57-65.
https://doi.org/10.1016/j.ecolind.2014.11.032

31



Spera, S., 2017a. Agricultural Intensification Can Preserve the Brazilian Cerrado: Applying
Lessons From Mato Grosso and Goias to Brazil’s Last Agricultural Frontier. Trop.
Conserv. Sci. 10, 194008291772066. https://doi.org/10.1177/1940082917720662

Spera, S., 2017b. Agricultural Intensification Can Preserve the Brazilian Cerrado: Applying
Lessons From Mato Grosso and Goias to Brazil’s Last Agricultural Frontier. Trop.
Conserv. Sci. 10, 194008291772066. https://doi.org/10.1177/1940082917720662

Spera, S.A., Galford, G.L., Coe, M.T., Macedo, M.N., Mustard, J.F., 2016a. Land-use change
affects water recycling in Brazil’s last agricultural frontier. Glob. Chang. Biol. 22, 3405—
3413. https://doi.org/10.1111/gcb.13298

Spera, S.A., Galford, G.L., Coe, M.T., Macedo, M.N., Mustard, J.F., 2016b. Land-use change
affects water recycling in Brazil’s last agricultural frontier. Glob. Chang. Biol. 22, 3405—
3413. https://doi.org/10.1111/gcb.13298

Steduto, P., Hsiao, T.C., Raes, D., Fereres, E., 2009. AquaCrop—The FAO Crop Model to
Simulate Yield Response to Water: 1. Concepts and Underlying Principles.
https://doi.org/10.2134/agronj2008.0139s

Stieglitz, S., Mirbabaie, M., Ross, B., Neuberger, C., 2018. Social media analytics — Challenges
in topic discovery, data collection, and data preparation. Int. J. Inf. Manage. 39, 156—168.
https://doi.org/10.1016/j.ijinfomgt.2017.12.002

Stocker, T.F., Qin, D., Plattner, G.K., Tignor, M.M.B., Allen, S.K., Boschung, J., Nauels, A.,
Xia, Y., Bex, V., Midgley, P.M., 2013. Climate change 2013 the physical science basis:
Working Group I contribution to the fifth assessment report of the intergovernmental
panel on climate change. Clim. Chang. 2013 Phys. Sci. Basis Work. Gr. I Contrib. to
Fifth Assess. Rep. Intergov. Panel Clim. Chang. 9781107057, 1-1535.
https://doi.org/10.1017/CB0O9781107415324

Sun, J., Peng, H., Chen, J., Wang, X., Wei, M., Li, W., Yang, L., Zhang, Q., Wang, W.,
Mellouki, A., 2016. An estimation of CO2 emission via agricultural crop residue open
field burning in China from 1996 to 2013. J. Clean. Prod. 112, 2625-2631.
https://doi.org/10.1016/j.jclepro.2015.09.112

Tilman, D., 1999. Global environmental impacts of agricultural expansion: The need for
sustainable and efficient practices. Proc. Natl. Acad. Sci. 96, 5995-6000.
https://doi.org/10.1073/pnas.96.11.5995

Tilman, David, Balzer, C., Hill, J., Befort, B.L., 2011. Global food demand and the sustainable
intensification of agriculture. Proc. Natl. Acad. Sci. U. S. A. 108, 20260-4.
https://doi.org/10.1073/pnas.1116437108

Tilman, D., Balzer, C., Hill, J., Befort, B.L., 2011. Global food demand and the sustainable
intensification of agriculture. Proc. Natl. Acad. Sci. 108, 20260-20264.
https://doi.org/10.1073/pnas.1116437108

32



Tscharntke, T., Clough, Y., Wanger, T.C., Jackson, L., Motzke, I., Perfecto, 1., Vandermeer, J.,
Whitbread, A., 2012a. Global food security , biodiversity conservation and the future of

agricultural intensification. Biol. Conserv. 151, 53-59.
https://doi.org/10.1016/j.biocon.2012.01.068

Tscharntke, T., Clough, Y., Wanger, T.C., Jackson, L., Motzke, I., Perfecto, 1., Vandermeer, J.,
Whitbread, A., 2012b. Global food security, biodiversity conservation and the future of

agricultural intensification. Biol. Conserv. 151, 53-59.
https://doi.org/10.1016/j.biocon.2012.01.068

Turner, B.L., Kasperson, R.E., Matson, P.A., McCarthy, J.J., Corell, R.W., Christensen, L.,
Eckley, N., Kasperson, J.X., Luers, A., Martello, M.L., Polsky, C., Pulsipher, A.,
Schiller, A., 2003. A framework for vulnerability analysis in sustainability science. Proc.
Natl. Acad. Sci. U. S. A. 100, 8074-9. https://doi.org/10.1073/pnas.1231335100

Turner, W., Spector, S., Gardiner, N., Fladeland, M., Sterling, E., Steininger, M., 2003. Remote
sensing for biodiversity science and conservation. Trends Ecol. Evol. 18, 306-314.
https://doi.org/10.1016/S0169-5347(03)00070-3

United States Department of Agricultured, 2014. United States Summary and State Data. 2012
Census Agric. 1.

Uysal, A.K., Gunal, S., 2012. A novel probabilistic feature selection method for text
classification. Knowledge-Based Syst. 36, 226-235.
https://doi.org/10.1016/j.knosys.2012.06.005

Van Asselen, S., Verburg, P.H., 2013. Land cover change or land-use intensification: Simulating
land system change with a global-scale land change model. Glob. Chang. Biol. 19, 3648—
3667. https://doi.org/10.1111/gcb.12331

van Diepen, C.A., Wolf, J., van Keulen, H., Rappoldt, C., 1989. WOFOST: a simulation model
of crop production. Soil Use Manag. 5, 16-24. https://doi.org/10.1111/.1475-
2743.1989.tb00755.x

Verduzco, V.S., Vivoni, E.R., Yépez, E.A., Rodriguez, J.C., Watts, C.J., Tarin, T., Garatuza-
Payan, J., Robles-Morua, A., Ivanov, V.Y., 2018. Climate Change Impacts on Net
Ecosystem Productivity in a Subtropical Shrubland of Northwestern México. J. Geophys.
Res. Biogeosciences 123, 688—711. https://doi.org/10.1002/2017JG004361

Wang, D., Liang, S., Zhang, Y., Gao, X., Brown, M.G.L, Jia, A., 2020. A New Set of MODIS
Land Products (MCD18): Downward Shortwave Radiation and Photosynthetically Active
Radiation. Remote Sens. 12, 168. https://doi.org/10.3390/rs12010168

Wang, Y., Yao, H., Zhao, S., 2016. Auto-encoder based dimensionality reduction.
Neurocomputing 184, 232-242. https://doi.org/10.1016/j.neucom.2015.08.104

Wang, Z., Ye, X., 2018. Social media analytics for natural disaster management. Int. J. Geogr.
Inf. Sci. 32, 49—72. https://doi.org/10.1080/13658816.2017.1367003

33



Wei, W., Shi, S., Zhang, X., Zhou, L., Xie, B., Zhou, J., Li, C., 2020. Regional-scale assessment
of environmental vulnerability in an arid inland basin. Ecol. Indic. 109, 105792.
https://doi.org/10.1016/j.ecolind.2019.105792

Were, K., Bui, D.T., Dick, @.B., Singh, B.R., 2015. A comparative assessment of support vector
regression, artificial neural networks, and random forests for predicting and mapping soil
organic carbon stocks across an Afromontane landscape. Ecol. Indic. 52, 394—403.
https://doi.org/10.1016/j.ecolind.2014.12.028

Wiebe, K., Lotze-Campen, H., Sands, R., Tabeau, A., Van Der Mensbrugghe, D., Biewald, A.,
Bodirsky, B., Islam, S., Kavallari, A., Mason-D’Croz, D., Miiller, C., Popp, A.,
Robertson, R., Robinson, S., Van Meijl, H., Willenbockel, D., 2015. Climate change
impacts on agriculture in 2050 under a range of plausible socioeconomic and emissions
scenarios. Environ. Res. Lett. 10. https://doi.org/10.1088/1748-9326/10/8/085010

Wieder, W.R., Cleveland, C.C., Smith, W.K., Todd-Brown, K., 2015. Future productivity and
carbon storage limited by terrestrial nutrient availability. Nat. Geosci. 8, 441-444.
https://doi.org/10.1038/NGEO2413

Wisz, M.S., Hijmans, R.J., Li, J., Peterson, A.T., Graham, C.H., Guisan, A., 2008. Effects of
sample size on the performance of species distribution models 763—773.
https://doi.org/10.1111/j.1472-4642.2008.00482.x

Xiao, Z., Liang, S., Wang, J., Xie, D., Song, J., Fensholt, R., 2015. A framework for consistent
estimation of leaf area index, fraction of absorbed photosynthetically active radiation, and
surface albedo from MODIS time-series data. IEEE Trans. Geosci. Remote Sens. 53,
3178-3197. https://doi.org/10.1109/TGRS.2014.2370071

Yao, Y., Li, Z., Wang, T., Chen, A., Wang, X., Du, M., Jia, G, Li, Y., Li, H., Luo, W., Ma, Y.,
Tang, Y., Wang, H., Wu, Z., Yan, J., Zhang, X., Zhang, Yiping, Zhang, Yu, Zhou, G.,
Piao, S., 2018a. A new estimation of China’s net ecosystem productivity based on eddy
covariance measurements and a model tree ensemble approach. Agric. For. Meteorol.
253-254, 84-93. https://doi.org/10.1016/j.agrformet.2018.02.007

Yao, Y., Wang, X., Li, Yue, Wang, T., Shen, M., Du, M., He, H., Li, Yingnian, Luo, W., Ma,
M., Ma, Y., Tang, Y., Wang, H., Zhang, X., Zhang, Y., Zhao, L., Zhou, G., Piao, S.,
2018b. Spatiotemporal pattern of gross primary productivity and its covariation with
climate in China over the last thirty years. Glob. Chang. Biol. 24, 184—196.
https://doi.org/10.1111/gcb.13830

Yu, D., Shi, P., Shao, H., Zhu, W., Pan, Y., 2009. Modelling net primary productivity of
terrestrial ecosystems in East Asia based on an improved CASA ecosystem model. Int. J.
Remote Sens. 30, 4851-4866. https://doi.org/10.1080/01431160802680552

Yu, S., Jia, S., Xu, C., 2017. Convolutional neural networks for hyperspectral image

classification. Neurocomputing 219, 88-98.
https://doi.org/10.1016/j.neucom.2016.09.010

34



Zhang, C., Sargent, 1., Pan, X., Li, H., Gardiner, A., Hare, J., Atkinson, P.M., 2019. Joint Deep
Learning for land cover and land use classification. Remote Sens. Environ. 221, 173—187.
https://doi.org/10.1016/j.rse.2018.11.014

Zhang, K., Kimball, J.S., Running, S.W., 2016. A review of remote sensing based actual
evapotranspiration estimation. Wiley Interdiscip. Rev. Water 3, 834-853.
https://doi.org/10.1002/wat2.1168

Zhang, L., Guo, H., Jia, G., Wylie, B., Gilmanov, T., Howard, D., Ji, L., Xiao, J., Li, J., Yuan,
W., Zhao, T., Chen, S., Zhou, G., Kato, T., 2014. Net ecosystem productivity of
temperate grasslands in northern China: An upscaling study. Agric. For. Meteorol. 184,
71-81. https://doi.org/10.1016/j.agrformet.2013.09.004

Zhang, L., Ren, X., Wang, J., He, H., Wang, S., Wang, M., Piao, S., Yan, Hao, Ju, W., Gu, F.,
Zhou, L., Niu, Z., Ge, R., Li, Y., Lv, Y., Yan, Huimin, Huang, M., Yu, G., 2019.
Interannual variability of terrestrial net ecosystem productivity over China: Regional
contributions and climate attribution. Environ. Res. Lett. 14.
https://doi.org/10.1088/1748-9326/aaec95

Zhang, L., Xu, F., Fraundorfer, F., 2017. Deep Learning in Remote Sensing.

Zhang, S., Zhang, R., Liu, T., Song, X., Adams, M.A., 2017. Empirical and model-based
estimates of spatial and temporal variations in net primary productivity in semi-arid
grasslands of Northern China. PLoS One 12, 1-18.
https://doi.org/10.1371/journal.pone.0187678

Zhang, X., Sun, Y., Jiang, K., Li, C., Jiao, L., Zhou, H., 2018. Spatial Sequential Recurrent
Neural Network for Hyperspectral Image Classification. IEEE J. Sel. Top. Appl. Earth
Obs. Remote Sens. 11, 4141-4155. https://doi.org/10.1109/JSTARS.2018.2844873

Zhao, C., Liu, B., Piao, S., Wang, X., Lobell, D.B., Huang, Y., Huang, M., Yao, Y., Bassu, S.,
Ciais, P., Durand, J.L., Elliott, J., Ewert, F., Janssens, I.A., Li, T., Lin, E., Liu, Q.,
Martre, P., Miiller, C., Peng, S., Pefiuelas, J., Ruane, A.C., Wallach, D., Wang, T., Wu,
D, Liu, Z., Zhu, Y., Zhu, Z., Asseng, S., 2017. Temperature increase reduces global
yields of major crops in four independent estimates. Proc. Natl. Acad. Sci. U. S. A. 114,
9326-9331. https://doi.org/10.1073/pnas.1701762114

Zhao, F., Xu, B., Yang, X., Jin, Y., Li, J., Xia, L., Chen, S., Ma, H., 2014. Remote sensing
estimates of grassland aboveground biomass based on MODIS Net Primary Productivity
(NPP): A case study in the Xilingol grassland of northern China. Remote Sens. 6, 5368—
5386. https://doi.org/10.3390/rs6065368

Zhao, F., Xu, B., Yang, X., Xia, L., Jin, Y., Li, J., Zhang, W., Guo, J., Shen, G., 2019. Modelling
and analysis of net primary productivity and its response mechanism to climate factors in
temperate grassland, northern China. Int. J. Remote Sens. 40, 2259-2277.
https://doi.org/10.1080/01431161.2018.1516322

35



Zhao, J., Ji, G., Tian, Y., Chen, Y., Wang, Z., 2018a. Environmental vulnerability assessment for
mainland China based on entropy method Y. Ecol. Indic. 91, 410-422.
https://doi.org/10.1016/j.ecolind.2018.04.016

Zhao, J., Ji, G., Tian, Y., Chen, Y., Wang, Z., 2018b. Environmental vulnerability assessment for
mainland China based on entropy method. Ecol. Indic. 91, 410-422.
https://doi.org/10.1016/j.ecolind.2018.04.016

Zhu, Q., Zhao, J., Zhu, Z., Zhang, H., Zhang, Z., Guo, X., Bi, Y., Sun, L., 2017. Remotely
sensed estimation of net primary productivity (NPP) and its spatial and temporal

variations in the Greater Khingan Mountain region, China. Sustain. 9.
https://doi.org/10.3390/su9071213

Zhu, X.X., Tuia, D., Mou, L., Xia, G.-S., Zhang, L., Xu, F., Fraundorfer, F., 2017. Deep learning
in remote sensing: a review. https://doi.org/10.1109/MGRS.2017.2762307

Zou, T., Yoshino, K., 2017. Environmental vulnerability evaluation using a spatial principal

components approach in the Daxing’anling region, China. Ecol. Indic. 78, 405—415.
https://doi.org/10.1016/j.ecolind.2017.03.039

36



Chapter 2 - Bee species richness, soybean production and

environment

Abstract

Under current environmental conditions, the spatial distribution of crop production and
pollinator richness has been affected by many factors. Estimating their spatial distribution can
provide useful information for managing agriculture activity and maintaining a health ecosystem.
In this study, we collected environmental variables from remote sensing images and used a
stacked species distribution model to predict bee species richness, and a crop simulation model
to simulate soybean production at regional scale in the Cerrado in the period 2000-2015. We also
analyzed the potential relationship between bee species richness and soybean production using
the results from the model. The results showed that from 2000 to 2015, higher bee species
richness and higher soybean production were in the southern Cerrado, especially in the states of
Sao Paulo, Minas Gerais, and Goias. From 2000/08 to 2008/15 period, the bee species richness
significantly decreased at the western part of the state of Bahia, the state of Goids, and the
northern region of Minas Gerais, while the soybean production increased in the states of Mato
Grosso, Goias, Bahia, and Tocantins. The correlation results of bee species richness and soybean
production showed that they did not follow a linear relationship during the study period. Our
findings indicate that the modeling methods we proposed are robust for estimating spatial
distribution of bee species richness and soybean production in the Cerrado at the regional scale,
and climate effects and agricultural expansion are the main factors that affect their spatial

distribution and interaction.
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2.1 Introduction

Global human population continues to grow and it is likely to reach 9 billion by the
middle of the 21™ century, thus increasing the supply for food is important (Godfray et al.,
2010). Much of the projected global agricultural growth will occur in tropical environments, but
tropical environments also compose important ecosystems for the world’s biodiversity (Poynton
et al., 2007; W. Turner et al., 2003). Unfortunately, many tropical ecosystems are being
disturbed by agricultural expansion; approximately one billion hectares of additional land,
mostly in developing nations, where tropical ecosystems are located, would be necessary to meet
the projected demands for food (D. Tilman et al., 2011; Tilman, 1999). Nevertheless, the ability
to increase agricultural production may be mediated by climate change (Ciscar et al., 2018;
Wiebe et al., 2015). For example, it was estimated that the EI Nino Southern Oscillation (ENSO)
phenomenon caused between 15% and 35% of global crop production variation in wheat,
oilseeds, and coarse grains (Anwar et al., 2013). Some studies also argued that increasing
growing season temperature and precipitation had a negative influence on crop yield (Lobell et
al., 2012; Lobell and Field, 2007; Zhao et al., 2017).

Climate effects through changing temperature and precipitation patterns also has an
obvious effects on the spatial distribution of species, and some studies have concluded that it is
one of the biggest ongoing biodiversity threats (Elias et al., 2017; Jeremy T Kerr and Ostrovsky,
2003; Pecl et al., 2017). Under climate change and agricultural expansion, species habitat could
be fragmented, interactions could be lost or rewired, and whole biological communities could be
affected. For instance, Potts et al. (2010) discussed climate change as one of the factors that
caused pollinator decline and very recent evidence has shown that climate change may affect

pollination service and crop productions (Elias et al., 2017; Imbach et al., 2017a; Imperatriz-
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Fonseca et al., 2017). It is important to notice that one-third of our global food production
originates from animal-pollinated, mostly bee-pollinated crops (Hoehn et al., 2008b; Ricketts et
al., 2008). Thus, for many agricultural crops, animal pollinators are extremely important by
providing a key ecosystem service that improves crop productivity (Hoehn et al., 2008b; Potts et
al., 2010; Ricketts et al., 2008). For example, Giannini et al. (2015) pointed out that proper
pollination can increase the production and quality of crops in Brazil. They concluded that the
total economic contribution of pollinators is approximately 30% (US $ 12 billion) of the total
annual agricultural income of the dependent crops (totalizing almost US §$ 45 billion) with half of
these contributions including the soybean crop (US $ 5.7 billion of pollinators’ contribution).

Traditionally, some studies have established empirical models to estimate crop
production (Moriondo et al., 2007; Prasad et al., 2006). These works, however, are site specific
and focused on the community scale (Ma et al., 2013). Nevertheless, there are other advanced
methods used to estimate crop production at the regional scale. For instance, crop simulation
models such as the Aquacrop model (Steduto et al., 2009), the DSSAT model (Jones et al.,
2003), and the WOrld FOod STudies (WOFOST) model (van Diepen et al., 1989) are
increasingly used in recent literature and provide reliable methods to simulate regional to large-
scale crops. Generally speaking, these models consider crop environmental conditions during its
growing season and many studies have stated that they can achieve a better performance than
empirical models such as simply creating the regression relationship between crop information
and vegetation index (Jin et al., 2018). Among these models, the WOFOST model is the most
robust model to estimate crop yield using remote sensing data (Curnel et al., 2011; J. Huang et
al., 2015). Compared with empirical model, the benefit of the crop simulation model is to

consider the environmental conditions of the crop during the growing season, and work on the
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pixel level based on the spatial resolution, which help local land planners to locate high crop
production areas and analyze its correlation with productivity corresponding with other
biological factors such as pollination services.

The interaction between pollinators and crop is complex. To study the response of
pollinators to climate effects and their interaction upon crops, it is crucial to understand the
pollinators’ spatial distribution. The use of species distribution models (SDMs) has become a
standard tool for understanding how environmental factors affect the geographic ranges of
species and can be used to predict their response to global changes (Calabrese et al., 2014;
Peterson and Soberon, 2012). In addition, many studies have shown that SDMs may perform
well in characterizing the natural distributions of species, thus providing useful ecological
insights (Elith and Graham, 2009). In general, these models use known species’ occurrences data
and environmental variables to predict a given species’ distribution in areas where there are no
known occurrences (Elias et al., 2017; Elith and Leathwick, 2009; Imbach et al., 2017a). As
SDMs applications focused on prediction, scholars have sought different methods for modelling,
including machine learning algorithms, which outperform other methods to deal with prediction
problems (Elith and Graham, 2009; Phillips et al., 1997). Furthermore, most applications require
an estimation of species richness in particular areas connecting with environmental changes or
analyzing its adaptation. This was achieved by producing stacked SDMs, putting together
individual SDMs models to estimate an entire species assemblage (Cord et al., 2014; D’ Amen et
al., 2015; Guisan and Rahbek, 2011).

Environmental characteristics are one important part in the SDMs and the most common
data is the Worldclim dataset (Distler et al., 2015; Elias et al., 2017; Imbach et al., 2017a; Silva

et al., 2014). However, there are some limitations related to this dataset (Wisz et al., 2008). For
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instance, the Worldclim data is obtained only for a limited period of time (1950-2000), which
makes it difficult to predict species distribution for more recent times. With the advance of
remote sensing techniques, more and more studies started to develop environmental variables
using remote sensing data (Jeremy T. Kerr and Ostrovsky, 2003; W. Turner et al., 2003).
Therefore, the remote sensing data from National Aeronautics and Space Administration’s
(NASA) earth observation dataset because of its well documented and continued records have
been taken into consideration to estimate the relationship between human activities and

environment change over time (W. Turner et al., 2003).

It is important to note that although soybeans are considered a self-pollinating crop, some
studies have argued that bees, or more specifically honeybees (Apis mellifera Linnaeus 1758;
Apinae: Apini) provide pollination services that can improve soybean production (Chiari et al.,
2005; de O. Milfont et al., 2013; Erickson, 2008). Giannini et al. (2015) also concluded that
exotic bee species such as A. mellifera and native bee species in Brazil, such as bees from the
Meliponini tribe visited the same crops in Brazil, which could include soybean. Nevertheless, the
spatial distribution of these bee species richness and soybean production with climate affects and
agricultural expansion at regional scale is still unclear. We raised our hypothesis that higher bee
species richness could cause higher soybean production in the Brazilian Cerrado. Thus, this
study will fill the gap in the literature by using remote sensing data to generate environmental
variables to estimate the spatial distribution of bee species richness and soybean production.
Specifically, this study will (1) use stacked SDMs to predict bee species richness and the
WOFOST model to simulate and calculate soybean production in the Brazilian Cerrado; (2)

evaluate the changes of bee pollinators’ richness and soybean production over time; and (3)
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analyze the spatial variability of bee species richness and soybean production based on our

results.

2.2 Material and methods

2.2.1 Study area

The Brazilian Cerrado is the second largest biome in Brazil, and has a territory of around
two million km?, which is equivalent to the total size of Germany, France, England, Italy, and
Spain combined. The Cerrado has two well-defined seasons with the wet season occurring
between October and March, and the dry season from April to September. The average
temperature is 23°C, with an average annual rainfall around 1500 mm (Klink and Machado,
2005). The Cerrado has been through enormous agricultural expansion since the mid-20™
century, when more than 50% of its natural vegetation was converted into pasture or cropland,
thus transforming this region into a biological hotspot for biodiversity conservation (Beuchle et
al. 2015; Klink and Machado 2005; Poynton et al. 2007). Soybean has become the main crop in
this region with its production representing 90% (15.6 million hectares) of all agricultural
production (Filho and Costa, 2016; Gibbs et al., 2015). However, agricultural expansion has
affected the habitats for many species including pollinators, which could cause a habitat
distribution shift. Among them, bees are the primary ones for most agricultural crops and wild
plants in the Brazilian Cerrado (de O. Milfont et al., 2013; Potts et al., 2010).
2.2.2 Data sources and variables
2.2.2.1 Data for stacked SDMs

We collected 16 bee species from these data sources in the period (1970-2015) from
literature records, online datasets, such as CRIA’s (Centro de Referéncia em Informagao

Ambiental) Species Link (http://www.splink.org.br), Global Biodiversity Information Facility
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(http://www.gbif.org), Inter-American Biodiversity Information Network
(https://www.oas.org/en/sedi/dsd/iabin/). These bee species includes A. mellifera and Centris
(Heterocentris) analis (Fabricius 1804) (Apinae: Centridini) bees, which are some of the
commonest bees that visit soybeans during the flowering season (de O. Milfont et al., 2013).
Although soybean is a crop species that does not need visitation by pollinators to produce its
beans, it was previously shown that the visiting bees are responsible for yield production
increase of soybeans (de O. Milfont et al., 2013). The other 14 bee species are Brazilian native
bees, with an important group of pollinators of native plant species [14 Meliponini species:
Cephalotrigona capitata Smith 1854, Frieseomelitta varia (Lepeletier 1836), Geotrigona
mombuca (Smith 1863), Lestrimelitta limao (Smith 1863), Leurotrigona muelleri (Friese 1900),
Melipona marginata Lepeletier 1836, Melipona quadrifasciata anthidioides Lepeletier 1836,
Melipona quadrifasciata quadrifasciata Lepeletier 1836, Melipona quinquefasciata Lepeletier
1836, Melipona rufiventris Lepeletier 1836, Nannotrigona testaceicornis (Lepeletier 1836),
Paratrigona lineata (Lepeletier 1836), Partamona cupira (Smith 1863), Trigona hyalinata
(Lepeletier 1836)]. We used ArcGIS 10.6.1 (ESRI) to clear the repeated point or points that were
outside of the study’s extent for the period (1970-2000) to create model-required bee’s
occurrence data. We listed each species’ name and unique amount of geographic occurrences in
the Table 2.1.

We collected environmental variables from NASA ‘s Goddard Earth Sciences Data and
Information Services Center (GES DICS) (with spatial resolution of 25 km*25 km). This dataset
provides timely and up-to-date overview of actual climatic conditions over large areas. We
selected the monthly data from 1970 to 2015. This dataset represents an improvement in relation

to the commonly used data from Worldclim that is restricted to the 1950-2000 time span.
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Climatic environmental variables in this study includes annual mean temperature, annual mean
precipitation, dry season, and wet season average temperature and precipitation, wind speed, air
pressure, and specific humidity. We calculated these variables from the Global Land Data
Assimilation System (GLDAS) product (GLDAS NOAHO025 M.2.0 and

GLDAS NOAHO025 M.2.1) and from the Tropic Rainfall Measurement Mission product
(TRMM_3B43 M).

Table 2.1 The name of the bee’s species and number of records

Number of

Species’ name unique records
Cephalotrigona capitata 41
Frieseomelitta varia 58
Geotrigona mombuca 68
Lestrimelitta limao 63
Leurotrigona muelleri 83
Melipona marginata marginata 64
Melipona quadrifasciata anthidioides 69
Melipona quadrifasciata quadrifasciata 96
Melipona quinquefasciata 58
Melipona rufiventris 71
Nannotrigona testaceicornis 63
Paratrigona lineata 110
Partamona cupira 57
Trigona hyalinata 105
Apis mellifera 48
Centris analis 39

2.2.2.2 The input data for the WOFOST model
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It is important to highlight that there are many different cultivars of soybean in the
Brazilian Cerrado. The WOFOST library contains cultivars that are used in the Brazilian Cerrado
and, for this study, we selected the one (Soybean 906) that has similar environmental condition
as this Brazilian region. To avoid potential error during the model processing, we adjusted
temperature from emergence to anthesis and from anthesis to maturity for the selected years.
Different crops have different growth length periods and these parameters should be assigned
manually in the WOFOST model. Due to the average soybean growth period in the Cerrado, its
grow length was chosen from October 15" to March 30 in this study (United States Department
of Agricultured, 2014).

To simulate soybean yield, the WOFOST model needs climate variables such as daily
minimum and maximum temperature, wind speed, rainfall, radiation, and vapor pressure during
the soybean growing season. Daily minimum and maximum temperature and wind speed were
directly extracted from GLDAS NOAHO025 3H and GLDAS CLSMO025 D products. We
calculated daily radiation and vapor pressure from shortwave radiation flux product and we
derived daily air temperature parameters from GLDAS CLSM025 D product (Alduchov and
Eskridge, 1996). Finally, we used the tropic rainfall measurement mission
(TRMM 3B42TR Daily) to get daily precipitation data. In addition to climatic variables, the
model inputs require soil parameters, such as soil moisture content at wilting point, field capacity
and saturation, hydraulic conductivity of saturated soil, maximum percolation rate of root zone
and subsoil, and maximum soil root depth. For the case of the Cerrado, we adjusted soil moisture

content parameters based on the literature review (Huang et al., 2016b).
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2.3 Model process methods

The continuous agricultural expansion in the Cerrado could negatively affect the habitat
availability of bees, causing their species richness to decline by reducing their suitable habitats.
Due to the limitation of data sources, we wanted to estimate bee species richness for the period
2000 to 2015. We prepared the geographic distribution of the 16 above-mentioned bee species
occurrence data for 1970-2000 to match the time of environmental variables. Then, we used
stacked SDMs (SSDMs) to predict bee species richness at two periods (2000/08 and 2008/15).
Meanwhile, we used the WOFOST model to simulate soybean production in selected years

(2002/03, 2007/08, and 2013/14), which is also within the period of 2000 to 2015.

2.3.1 Stacked SDMs (SSDMs) procedures

The SSDMs are the easiest way to measure the change in the number of species in the
landscape. The main process of SSDMs is to project individual species’ suitable distribution over
the whole landscape that comprises the extent of the study. Then, we convert each single SDM
from a continuous suitability map to a presence/absence binary map. Later, we stacked these
binary maps to build bee species richness (Calabrese et al., 2014; Distler et al., 2015; Guisan and
Rahbek, 2011). Particularly, we chose the SSDM package in R (Schmitt et al., 2017) to process

all these mentioned steps due to its convenience and user-friendly interface (Figure 2.1A).

During the process, we just wanted to highlight a couple of important steps. First, the
model needs present and absence data of the occurrence data and many studies proved that the
presence-absence biotic data in species distribution models tended to perform better than
presence-only models (Barbet-Massin et al., 2012; Lavorel et al., 2004; Leroy et al., 2018a;

Schmitt et al., 2017). In this study, for each bee species we considered, we created pseudo-
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absences data of each species with equal number of its presence data randomly within the study
area, because Barbet-Massin et al. (2012) concluded that equal number of pseudo-absences with

presence data can get a better model result when using the machine learning technique.

Second, SSDM package provides five different methods to generate a distribution model
for a given species. In our study, we selected Random Forest (RF) (Breiman et al., 2017),
Support Vector Machines (SVM) (GhasemiGol et al., 2009), and Artificial Neural Networks
(ANN) (Elith and Leathwick, 2009) since they have a better performance for predicting species

distribution when having a limited occurrence dataset (Elith and Graham, 2009).

Third, we chose the ensemble method in the package to generate each species’ binary
map. In this part, we used the area under the curve (AUC) metric to evaluate the ensemble
distributions of each species. The AUC metric is a widely used statistic for assessing the
discriminatory capacity of species distribution models (Barbet-Massin et al., 2012; Leroy et al.,
2018a). This metric assesses the balance between true positive rate (sensitivity) and false positive
rate (100 - specificity). This is a threshold-independent metric that varies from 0 to 1, where
values near or equal to 1 represent that the models reached excellent discriminatory power,
where 0 indicates poor model fitting. Finally, AUC values around 0.5 represent species
predictions no better than a random distribution. To get its binary map, we use sensitivity-

specificity equality (SES) to compute the binary map threshold (Schmitt et al., 2017).

2.3.2 WOFOST crop model

There are many crop simulations models available in the literature and we selected the
WOFOST model because it can use remote sensing data to simulate crop information at large
scales like the Cerrado. The model describes plant growth based on light interception and carbon

dioxide assimilation as the growth-driving processes and uses crop phenological development as
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the growth controlling process (Huang et al., 2016a; Ma et al., 2013). The model provided two
scenarios: the potential scenario, where crop growth is just affected by temperature and solar
radiation, when no other growth-limiting factors are considered; and the water-limited scenario,
where crop growth is just limited by the availability of water (Diepen et al., 1989; Huang et al.,
2016a). To accurately simulate crop information, we chose the potential scenario, which can
minimize the potential error caused by the different cultivators in the whole Cerrado. The Python
Crop Simulation Environment (PCSE), which is the python version of the WOFOST model, was
used to simulate soybean yield because of its ability to manipulate input parameters (Figure 2.1
B).

Using adjusted crop file, climate variables, and soil parameters, we simulated average
soybean yield at pixel level (25 km by 25 km) in selected years. To calculate soybean
production, we also collected the annual soybean cultivated area with spatial resolution of 250 m
by 250 m from the years of 2002, 2007, and 2013 (Gibbs et al. 2015). Then, the spatial analysis
tool in ArcGIS 10.6.1 was used to count the number of soybean grids (250 m by 250 m) in each
25 km by 25 km pixel and calculate the total soybean production in each pixel (25 km by 25 km)

of the selected years.
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Figure 2.1 The modelling framework illustrating the model process of stacked species
distribution model (A) and WOFOST model (B). (C) describes the analysis of interaction
between bee species richness and soybean production

2.4 Model validation and results analysis

To validate the results of modeled soybean production, we applied a spatial join tool in
ArcGIS 10.6.1. The modeled soybean production at municipality level was calculated by
multiplying the average soybean yield and counting the number of soybean grids (250 m by 250
m) in each municipality. Then, we calculated the R-squared (coefficient of determination) of the
selected years using modeled soybean production at municipality level and annual soybean
production data at municipality level acquired from the Brazilian Institute of Geography and
Statistics (IBGE) (Figure 2.1 B).

Since the spatial resolution (25 km by 25 km) of the spatial distribution of bee species
richness and soybean production are coarse, even if some bee species do not visit soybean crops
during its growing season, there could also be some indirect interaction between them. To
analyze the interaction of bee species richness and soybean production, we overlaid these maps
using ArcGIS 10.6.1 (Figure 2.1 C). Firstly, we examined the spatial variation of soybean
production and bee species richness at the pixel level for the whole Cerrado during these two
periods. Second, we calculated the proportion of the soybean cultivated area for each selected

year within different bee species richness range.
2.5 Results and Discussion

In this study, we used remote sensing data and two models to estimate bee species
richness and soybean production in the Brazilian Cerrado. In the period 2000 to 2015, we

obtained the modeled bee species richness (known and potential visitors of soybean) maps for

2000/08 and 2008/15 periods (Figure 2.2) and soybean production in the Brazilian Cerrado at
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2002/03, 2007/08, and 2013/14 (Figure 2.4). Generally, our results showed that the high bee
species richness and high soybean production is in the southern Cerrado and their spatial
distribution may provide us with useful information for analyzing biodiversity and managing
soybean expansion in the Cerrado.
2.5.1 Bee species richness result and its change over time

The modeled bee species richness results for the 2000/08 and 2008/15 periods are
illustrated in Figure 2. Richness measures the number of species in the landscape, and to analyze
the higher or lower of bee species richness, we divided the bee species richness into two parts,
where the number of bee species from 1 to 6 is the lower richness, and higher richness is from 7
to 12. We found that the number of bee species higher than 7 was distributed in the southeast
part of the Cerrado, more precisely in the states of Sdo Paulo, Minas Gerais, Goids, and in the
western part of the state of Bahia (Figure 2.2 A and B). The possible explanation for such a
spatial distribution pattern of bee species richness could be that southern the Cerrado is close to
the Atlantic rainforest biome, which has better climate conditions that can provide suitable
habitats for bee species. As a result, this model result is due to more occurrence data collected in
this region.

These results also showed that the number of bee species less than 5 was on the edge of
the Cerrado boundaries (Figure 2.2A and 2.2B). Though the model can create pseudo-absences
data to improve the model performance, the insufficiency of bees’ occurrence data could cause

this result. The quality of occurrence data is one of the most important factors that affects the
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performance of SDMs, but the sampling bias is a general problem in SDMs, which may cause

environmental distribution bias (Barbet-Massin et al., 2012; Kramer-Schadt et al., 2013).
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Figure 2.2 Bee species richness in the 2000/08 period (A), the 2008/15 period (B), and the
variation of bee species richness in these two periods (C). Higher bee species richness
means species equal to or than 7, and lower richness means species equal to or lower than
6. The abbreviations of the Brazilian states’ names are as follows: BA: Bahia; DF: Distrito
Federal; GO: Goias; MA: Maranhiao; MG: Minas Gerais; MT: Mato Grosso; MS: Mato
Grosso do Sul; PI: Piaui; PR: Parana; SP: Sao Paulo; TO: Tocantins.

From the 2000/08 to 2008/15 periods, our results found that though the states of
Tocantins and Mato Grosso had lower bee species richness, they still slightly increased during
these two periods. However, the modeled bee species richness had significantly decreased in the
northeastern region of the state of Goids, the western region of the state of Bahia, and the
northern region of the state of Minas Gerais (Figure 2.2C). Climatic variables as one part of the

species distribution model have been collected from the Worldclim dataset by many studies and
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their results are valuable for biodiversity conservation and agricultural management (Elias et al.,
2017; Imbach et al., 2017a). The difference from previous studies is that we collected climatic
environmental variables from GES DICS dataset to model bee species richness. The result of this
study agrees with the study that modeled distribution of bee species are in southern Cerrado
using the similar climatic environmental variables from Worldclim dataset (Giannini et al.,
2012). One possible explanation of the bee species richness shift could be climate effects and
some studies also agree that climate change is one of the main factors causing species shift and
decline (Elias et al., 2017; Giannini et al., 2012). Furthermore, during these 15 years, the
variation changes of the modeled bee species richness indicates that agricultural expansion in the
Cerrado is one of the factors influencing suitable habitat for bees, thus causing either the species
shift or populational decline. Particularly, the possible reason of the decrease in the modeled bee
species richness in the western region of the state of Bahia is that agricultural expansion in this
area is faster than other places in Cerrado (Martinelli et al., 2017).

In addition, the stacked species distribution model used in the study integrated with
machine learning algorithms (such as support vector machine, decision tree, and random forest)
during the model process. Compared with other statistical methods used in the species
distribution model, it has advantages such as yielding better results with limited input data and
working with non-linear relationship of data. In this study, we used the ensemble SDM from the
Stacked Species Distribution Model (SSDM) to get the bee specie richness in the two periods
and the results provided evidence that species distribution model combined with machine
learning algorithms is useful for predicting species richness at a regional scale. However, we
should keep in the mind that machine learning is not the only suitable method can be used in the

species distribution model.
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Simulated production (*1074t)

2.5.2 Soybean production result and agricultural expansion

The validation of soybean production showed R-squares of 0.72, 0.6, and 0.58 in the
years of 2002/03, 2007/08, and 2013/14, respectively (Figure 2.3). These results indicated that
the accuracy of modeled soybean production can exceed 58%, but we noticed that 2013/14
soybean production has the lowest R-square, which means that though we used the same model
and adjusted each year’s parameters, this year’s soybean production result still has the lowest fit
to the census data. Furthermore, the results also indicate that soybean cultivars could also affect
the accuracy of the modeled results; we only used the same cultivar to model three selected years

due to the lack of detailed information on soybean production in the whole Cerrado.
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Figure 2.3 Relationship between simulated soybean production and census soybean
production 2002/03 (A), 2007/08 (B), and 2013/14 (C). The graphs’ X-axes are related to the
census soybean production at municipality level (unit: *10"4 ton), while the graphs’ Y-axes
are the simulated soybean production at municipality level (unit: *10*4 ton). The solid line
represents the correlation between the model data and the census data.

The modeled soybean results illustrated the spatial distribution of cultivated soybean
areas and their production for selected years in the Cerrado (Figure 2.4). Using remote sensing as
one type of data source to simulate crops at the regional scale has improved the simulation
results in many studies (Dorigo et al., 2007; J. Huang et al., 2015; Jin et al., 2018; Ma et al.,
2013). Our spatial distribution of soybean production results showed that the highest soybean
production is in the southern Cerrado, which agrees with Noojipady et al. (2017), who used

Moderate Resolution Imaging Spectroradiometer (MODIS) products to estimate the soybean
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distribution dynamic in the Cerrado. Our results also showed that the proportion of the Cerrado
with soybean cultivated areas were 53.64%, 58.55%, and 61.17% for the years of 2002/03,
2007/08, and 2013/14, respectively. Our results indicate that soybean production increased
during selected years and the high soybean production distributed in the states of Sao Paulo,
Mato Grosso, Goids, Minas Gerais, Maranhdo, and in the western region of the state of Bahia
(Figure 2.4). Traditionally, the states of Mato Grosso, Goias, and Bahia have been recorded as
those with the higher soybean production, but our results can identify the particular places
having high soybean production in these states, which can provide useful information to local

government or farmer to plan agriculture activities effectively.
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Figure 2.4 Spatial distribution of soybean production for selected years [2002/03 (A),
2007/08 (B), and 2013/14 (C)]with spatial resolution 25 km by 25 km and the unit of each
pixel is *1000 ton. The abbreviations of the Brazilian states’ names are as follows: BA:
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Bahia; DF: Distrito Federal; GO: Goias; MA: Maranhao; MG: Minas Gerais; MT: Mato
Grosso; MS: Mato Grosso do Sul; PI: Piaui; PR: Parana; SP: Sao Paulo; TO: Tocantins.

From 2002 to 2008, the soybean cultivated areas expanded 9.16% and from 2008 to
2014, the cultivated areas expanded 4.47%. Meanwhile, the results also showed that soybean
production in the Cerrado increased 20.78% from 2002/03 to 2007/08, and 18.31% from 2007/08
to 2013/14. A reasonable explanation for our results is that during these 20 years, enormous
agricultural expansion happened in this area and soybeans became a main crop in this region
because of its adaptability (Martinelli et al., 2017). The modeled soybean production results state
that during these 15 years, soybean production expanded in the Cerrado, and the northern region
of the Cerrado has the trend of increasing its production (Figure 2.4). The state of Mato Grosso
has currently accounted for one third of soybean production in all of Brazil (Chaplin-kramer et
al., 2015), and Horvat, Watanabe, and Yamaguchi (2015) also pointed out that the production of
soybeans is rapidly evolving in the state of Tocantins caused by a strong global demand.
2.5.3 Spatial variation of bee species richness and soybean production

To analyze the spatial variation of the modeled bee species richness and soybean
production in the Brazilian Cerrado, Figure 2.2 (A and B) and Figure 2.4 (A, B and C) showed
that both higher bee species richness and the soybean production were in the Cerrado’s southern
region. From 2000/08 to 2008/15, both bee species richness and soybean cultivated areas slightly
increased along the Cerrado’s northern edge. Generally, pollinators can provide pollination
service to improve crop production, and we indicate that selected bee species could have some
positive influence on soybean in the Cerrado during the study period. Our correlation analysis
results showed that overall soybean production in 2007/08 is higher than 2002/03 and 2013/14 is
higher than 2007/08 across the whole bee species richness range (Figure 2.5). Previous studies

argued that bees can provide pollination service to soybeans to improve its production at the
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community scale (Aizen et al., 2019; Blettler et al., 2018; de O. Milfont et al., 2013), but our

results reveal that selected bee species could have positive influence on soybean production at

Year 2 2002/03 * 2007/08 Year * 2007/08 2013/14
3e+05- (A 3e+05- (B
c (A) * x c B) i *
Q0 * o
S g -
26+05- a¥ ¥ 26+05- ¥
-8 A % A 2; A# -8 i ¥ | :
a A o} *
c A% A % 2 A¥ ﬁf A c * i *
1e+05 - 1e+05 - *
8 A éi— A* 8 *
5 g > :
B o 8 f ? i
0e+00- A¥ 0e+00 -
1 3 1

Bee spemes rlchness Bee spemes rlchness
regional scale.
Figure 2.5 The correlation between bee species richness and soybean production for two
periods. (A) is bee species richness with 2002/03 and 2007/08 soybean production at pixel

level in 2000-2008 period; (B) is bee species richness with 2007/08 and 2013/14 soybean
production at pixel level in 2008-2015 period

In the current study, we set a very coarse spatial resolution to model bee species richness
and soybean production, but we did not contain soybean production as a variable into stacked
SDM (SSDM) or bee species richness as a variable into the WOFOST model. Though some
selected bee species may not visit the soybean during its growing season, based on the coarse
spatial resolution, within each 25km by 25 km pixel, these bee species could also interact with
soybean indirectly though pollination of other crops or by being affected by pesticides (Giannini
et al., 2015a; Marchioro and Krechemer, 2018). Importantly, the internal relationship between
bee species richness and soybean production involves more factors besides climate effects and
agricultural expansion, which we have not contained in this study due to the limited dataset. In

spite of these drawbacks, our results still provide initial information about the spatial distribution
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of bee species richness and soybean production in the Cerrado by analyzing the interaction
between pollinator and crops production in the Cerrado at the regional scale.

Table 2.2 The percentage of lower and higher bee species richness and soybean cultivated
areas by the whole study areas based on the spatial resolution

Lower Higher Lower Higher
(a~6) (7~12) (1~6) (7~12)
Bee species richness (%) 20002008  79.61 2039  2008-2015  80.63  19.37

2002/03 37.93 15.69 2007/08 42.88  15.65
Soybean cultivated areas (%)
2007/08 4230 16.24 2013/14 45.10  16.05

Based on our results, we found three relationships between bee species richness and
soybean production: (1) soybean production increased as bee species richness increased in
regions with lower richness; (2) the peak of soybean production is in the richest areas of bee
species, range from 6 to §; (3) soybean production decreased when bee species richness was
higher than 9 (Figure 2.5). From this result, the positive correlation of soybean production and
bee species richness in the lower richness range indicates that bee species could have a positive
influence on soybean production during the study period. Because the western Cerrado covers
more forest, this could provide better habitat for bee species, thus benefiting soybean production.
Some studies also agreed that forest fragmentation or crops near rainforest area could receive
better pollination services then other places (Ricketts et al., 2008). Secondly, a reliable
explanation of the soybean production reaching the peak in the 6 to 8 number of bee species
could be that these areas are in the states of Bahia and Goiés, which are important soybean
cultivated states in the Cerrado (Martinelli et al., 2017), and the selected bees could provide
pollination service to improve its production. Finally, the areas with higher modeled bee species
richness do not correspond to those with higher soybean production (Figure 2.2 A and B, Figure

2.4). A possible reason may be the limitation of bee occurrence data. We just collected them
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from digitized online databases and the literature, so the amount of species we obtained may
cause some errors during the modeling process. The other possibility could be that there are other
crops or natural vegetation in the areas with the higher bee species richness, and selected bee
species could benefit these plants instead of soybean. In addition, during soybean growing
season, there are many other factors affecting its production such as irrigation and agricultural
technology. The pollinator’s availability is just one of them; due to the limitations of our model
approaches in this study, we agree that more research is required to deeply understand their
relationship.

Furthermore, we calculated the percentage of the soybean cultivated areas in the higher
bee species richness and lower bee species richness regions (Table 2.2). Overall, our results
showed that 79.61% of the area in the 2000/08 period, and 80.63% of the areas in the 2008/15
period have lower bee species richness (Table 2). Particularly, the results found that soybean
planted areas increased from 37.93% (2002/03) to 42.30% (2007/08) in the 2000/08 period, and
from 42.88% (2007/08) to 45.10% (2013/14) in the 2008/15 period in the modeled bee species
richness from 1 to 6. Meanwhile, in the bee species richness from 7 to 12, the results showed that
from 2002/03 to 2007/08 the soybean cultivated areas increased from 15.69% to 16.24% in
2000-2008 period, and from 15.65% to 16.05% in the 2008-2015 period. Our results reveal that
in areas with greater soybean cultivation, there is actually lower bee species richness in the
Cerrado, thus agricultural expansion is another important factor to increase soybean production
in Cerrado. Expanding agriculture provides one common way to improve crop production in this
area, but it is also the main factor negatively affecting biodiversity (Aizen et al., 2009; Sommer

et al., 2010; Tscharntke et al., 2012b).
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2.6 Conclusion

Estimating the spatial distribution of bee species richness and soybean production using
remote sensing is important; it helps us to understand the relationship of pollinator and crops at
regional scale. Previous studies have analyzed the interaction between pollination services
provided by pollinators and crop production under climate change, and they concluded that the
decline in pollinator population had a negative influence on crops production (Imbach et al.,
2017a; Imperatriz-Fonseca et al., 2017; Marchioro and Krechemer, 2018). In this study, we used
remote sensing data to model the spatial distribution of bee species richness and soybean
production to understand their response to environment change over time. The proposed model
approach provides a novel perspective to analyze the interaction between pollinator and
agricultural production at regional scale, and our results indicate that this approach is reliable to
use in other similar regions.

Our results clearly illustrated the spatial distribution of the modeled bee species richness
and soybean production for the 2000 to 2015 period, however, there are still some parts that need
to be improved in future research. First, it is difficult to collect absence data from moving
species. Though some methods such as creating pseudo-absences data can help to solve this
problem, there still needs to be more advanced methods to improve its accuracy (Barbet-Massin
et al., 2012; Leroy et al., 2018b; Schmitt et al., 2017). Second, the crop simulation model is
useful for simulating crop information and estimating its influence on environments, but due to
the lack of crop cultivar information, we need to collect more data to improve our modeled result
in the future. Third, limited by the spatial resolution of remote sensing data, the coarse spatial
resolution may have affected the understanding of the interaction between bee species richness

and soybean production. Despite these limitations, we believe this study is a fundamental step
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toward understanding agriculture expansion and pollinators’ species richness at the regional
scale.
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Chapter 3 - Estimating environmental vulnerability using remote

sensing, machine learning and Twitter data

Abstract

Human activities and climate change are among the main drivers of environmental
vulnerability, which can cause soil erosion, land degradation and vegetation decline. Quantitively
estimating vulnerability can help us understand human impacts on environmental systems. With
the development of machine learning algorithms and accessibility of social media data, it is
increasingly possible to apply advanced techniques to improve methods for assessing
environmental vulnerability. To achieve this goal, we selected five exposure indicators and six
sensitivity indicators, then used them to build an environmental vulnerability model. We applied
an Autoencoder to find the optimal features in exposure and sensitivity, respectively. We then
used the displaced ideal method to estimate environmental vulnerability in the Brazilian Cerrado
for the years 2011 and 2016. Finally, we mined related historical Twitter data from these two
years to validate the result. The results showed that the different classes of environmental
vulnerability areas from low, medium and high were 6.72%, 34.85%, and 58.44% in 2011 and
3.45%, 33.68% and 62.87% in 2016, respectively. The results also showed that highest
environmental vulnerability areas were in the southern Cerrado. Moreover, the Twitter data
results showed that more than 85% of tweets occurred in the areas considered as high
environmental vulnerable class, more specifically in the states of Goids, Sdo Paulo and Minas
Gerais. Our findings indicate that for the selected years, the areas classified as highly vulnerable
increased in the Cerrado, and agricultural expansion is one of main reasons. Furthermore, the
results also reveal that the Autoencoder algorithm can be used for environmental assessment. In

addition, the study shows that social media data has the potential to effectively analyze the
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relationship between human activity and the environment. Although our work provides a novel
perspective to estimate environmental vulnerability at the regional scale, which can be easily
replicated to other regions around the world, it is necessary to develop a more comprehensive
data set that can improve model performances in the future.

Keywords: Environmental vulnerability, Remote sensing, Twitter data, Autoencoder, Cerrado

3.1 Introduction

Vulnerability refers to the propensity of environmental systems to suffer harm from
external stressors (Adger, 2006; Brooks, 2003; Cutter, 2012; Preston et al., 2011). As one critical
component of the effects of anthropogenic activities on the physical environment, estimating
vulnerability can help us understand the inherent structure of environmental systems, and
provide valuable information to control further hazards, thus building a sustainable environment.
Importantly, environmental vulnerability as an interdisciplinary concept has been used in many
different fields, such as ecology, agriculture and disaster management (De Lange et al., 2010;
Fuchs et al., 2012; McLaughlin and Dietz, 2008). However, focusing on physical environment
vulnerability caused by human activities is still a popular topic. Moreover, climate change as one
consequence of environmental changes has become the central theme in environmental
vulnerability assessment (Fuchs et al., 2012; Fiissel, 2007), and some studies have concluded that
climate change is one of the important drivers of environmental vulnerability (Berry et al., 2006;
Birkmann et al., 2015; O’Brien et al., 2004). For example, extreme events such as unpredicted
heavy rain and severe hot weather have caused many environmental problems such as surface
soil erosion, land degradation, and drought in many regions of the world (de Oliveira et al., 2017;
Gomes et al., 2019). Thus, it is important to estimate environmental vulnerability to consider

agricultural expansion and climate change.
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Studying the complexity and abstraction of environmental vulnerability at a regional
scale is not an easy task, and research has summarized several main vulnerability approaches
(e.g., risk-hazard models, pressure-and-release models, expanded vulnerability models, and
social vulnerability/adaptive capacity models) to understand environmental vulnerability
(Preston et al., 2011). One important common characteristic of all these models is the need to
create indicators to evaluate environmental vulnerability (Berrouet et al., 2018; Cutter, 2003; De
Lange et al., 2010). However, the most difficult part of using indicators to estimate vulnerability
is to identify the relative contribution of each indicator to the total environment (Zhao et al.,
2018a). Some studies have used methods such as the Analytical Hierarchy Process (AHP) to
weight these indicators in environmental vulnerability assessment (Li et al., 2006, 2009; Qiao et
al., 2013). Nevertheless, there are some limitations about these methods such as defining each
indicator’s weight using the experience of experts (Zhao et al., 2018a; Zou and Yoshino, 2017).
Other methods made use of Principal Component Analysis (PCA) and logistic regression as an
alternative to define the weight contribution of indicators (Gupta et al., 2020; Nandy et al., 2015;
Wei et al., 2020). Though these methods can capture the main characteristic of indicators, part of
the information is removed in the model process because of index selection and index weight

determination by the dependency of the prior knowledge and experience of researchers.

One potential alternative to overcome the above limitation is the use of machine learning
algorithms. These methods can be characterized by their ability to automatically “learn” from the
input data, and as a result, to find the optimal weights for each indicator, or to reduce the
indicators’ dimension (Chandrashekar and Sahin, 2014; Uysal and Gunal, 2012; Wang et al.,
2016). For instance, Javadi et al. (2017) used K-means cluster analysis to classify aquifer

vulnerability into four different levels. Other studies also used machine learning algorithms to
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select features when generating representations of input data (Song et al., 2013; Wang et al.,
2016). Autoencoder algorithms have been widely used in the remote sensing community to
classify remote sensing images (Lv et al., 2017; Ma et al., 2016). Due to their ability to convert
the input data into hidden-layers and extract latent representation, Autoencoders can simplify
complex processes and be used for dimensionality reduction, and denoising data (Ian
Goodfellow, Yoshua Bengio, 2016). For instance, Wang et al. (2016) investigated the
dimensionality reduction ability of Autoencoders and concluded that the performance of
Autoencoder is better than other algorithms such as PCA. Petscharnig et al. (2017) also used an
Autoencoder to reduce the dimensionality of image feature to analyze images. Although these
studies have demonstrated that Autoencoder algorithms are robust machine-learning algorithms
in features selection, they have not been applied in optimizing environmental vulnerability

indictors.

Also, a number of recent research efforts have shown that nontraditional data sources like
social media networks can be used to improve modeling performance in disaster management
and climate change studies (Cervone et al., 2016; Resch et al., 2018; Rosser et al., 2017). In fact,
social media has emerged as a popular way to create, access and exchange user-generated
content that is ubiquitously accessible (Batrinca and Treleaven, 2014). Thus, mining useful
information from social media has become a potential resource to improve the management of
crises, and a great number of research have extracted useful information from social media to
analyze flooding, disasters or to map disaster areas (de Albuquerque et al., 2015; Pacifici et al.,
2015). Nevertheless, to our knowledge there is no study applying social media data into

environmental vulnerability assessment.
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It is important to highlight here that we recognize the challenges in estimating physical
environmental vulnerability for large-scale systems but collecting data from remote sensing to
estimate environmental vulnerability at a regional scale became an efficient alternative (Liao et
al., 2013; Song et al., 2015; Zhao et al., 2018a). Although machine learning techniques and
social media data have been broadly used in many fields to analyze the relationship between
human activities and the environment, their performance in the field of environmental
vulnerability is still unclear. Thus, this study has two main objectives. First, we want to test the
use of machine learning in optimizing environmental vulnerability indicators that can be used to
estimate the environmental vulnerability for large-scale areas such as the Brazilian Cerrado; and

second, to test the use of Twitter data in validating the model results for the Brazilian Cerrado.

3.2 Study Area and Data Processing

3.2.1 Study Area

We address the Brazilian Cerrado, the second largest ecoregion in Brazil, as our study
area. The region occupies the central plateau of the country and represents 23% of entire
Brazilian territory and it is considered one of the most diverse neotropical savannas (Lahsen et
al., 2016; Ratter et al., 1997) (Figure 3.1). The Brazilian Cerrado is composed of 11 states with
two well-defined seasons: the rainy season from October to April, and the dry season from April
to September. The amount of rain in the region is about 800—2000 mm/year, with an average
annual temperature of 18-28 °C (Ratter et al., 1997). Because of its unique geographic position,
the typical Cerrado vegetation ranges from closed to open canopy deciduous and semi-deciduous
forest with shrub to natural grassland (Beuchle et al., 2015b). During decades of agricultural
development, the Cerrado has become the leading producer region in Brazil for major export

crops, and this region is responsible for the majority of Brazil’s planted area in soybean (61%),
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maize (61%), and cotton (99%) (Bell6n et al., 2017; Beuchle et al., 2015b; Dickie et al., 2016).
In spite of these significant agricultural achievements, agricultural expansion also has caused soil
erosion, land degradation, biodiversity loss, and severe drought problems very recently (Nowak
and Schneider, 2017). Thus, due to the availability of the data for the entire region, in this study,

we selected the years of 2011 and 2016 to estimate its annual environmental vulnerability.
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Figure 3.1 The geographic location of the study area and its interacting states. The
abbreviations of the Brazilian states’ names are as follows: BA: Bahia; DF: Distrito
Federal; GO: Goias; MA: Maranhao; MG: Minas Gerais; MT: Mato Grosso; MS: Mato
Grosso do Sul; PI: Piaui; PR: Parana; SP: Sao Paulo; TO: Tocantins.

3.2.2 Data preparation

To estimate the environmental vulnerability of the Cerrado, an assessment framework
was established with multiple dimensional indicators representing different aspects of the
Cerrado environment. These data cover climate data, vegetation health indexes, population data,
and Twitter data. Particularly, we collected well-known climate data of factors affecting the
environment such as air temperature, precipitation, wind speed, and humidity (Fiissel 2007;
Skondras et al. 2011; Wirehn et al., 2015). Annual average air temperature, average specific
humidity, annual average of 0—10 cm soil moisture, and wind speed were collected from the

GLDAS_NOAHO025_M 2.1 product with a spatial resolution of 25 km by 25 km. Annual total
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precipitation was from the TRMM_3B43 monthly product with a spatial resolution of 10 km by

10 km.

As one critical element of the physical environment system, vegetation health is a
valuable indicator of the response of the ecosystem to environment changes. To evaluate
vegetation health, we collected annual average enhanced vegetation index (EVI) from the
Moderate Resolution Imaging Spectroradiometer (MODIS) product’s monthly Aqua Vegetation
Indices product (MYD13C2 V6) with a spatial resolution of 5600 m by 5600 m. Another
important factor to consider is the ability of the ecosystem to absorb water and to evaporate to
the atmosphere. In fact, the evapotranspiration is one of the most important components of the
hydrological cycle and controls the availability and distribution of water on the land surface,
which can reflect the water cycle response of the environment (Guangcheng Hu et al., 2015;
Matthew F. McCabe and Wood, 2006). We acquired annual total evapotranspiration data from
Aqua Net Evapotranspiration’s 8-day product (MYD16A2 V6) with a spatial resolution of 500 m

by 500m.

Drought is another important factor for environmental vulnerability, especially in
savanna areas. There are many drought indexes available in the literature such as Vegetation
Condition Index (VCI), Palmer Drought Severity Index (PDSL), and Standardized Precipitation
Index (SPI) (Dutta et al., 2015; Quiring and Ganesh, 2010). For this study we selected the
Vegetation Health Index (VHI) for its robustness in evaluating vegetation health and crop
production (Pei et al., 2018). VHI considers the combination of the vegetation condition and the
thermal condition of the vegetation that is derived from the Normalized Difference Vegetation
Index (NDVI) and from the daytime land surface temperature (DLST) (Karnieli et al., 2006; Pei

et al., 2018). We acquired these two data from Aqua monthly MODIS product MYD11C3 V6
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and MYD13C2 V6 with a spatial resolution of 5600 m by 5600 m to calculate the annual average

vegetation health index in the Cerrado as follows:

NDVI-NDVIpin

VCI = (D)
NDVI6nax—NDVIgin

TC] = —PLSTmax=DLST )
DLSTpax—DLSTmin

VHI = 0.5« VCI + 0.5 % TCI 3

Where NDVI and DLST are the monthly average values, and max and min are monthly
maximum and minimum values, respectively. The VCI and TCI coefficients are set to 0.5, which
assume an even contribution from both indices (Karnieli et al., 2006). VCI values range from 0
to 1 with lower values representing more stressed vegetation conditions and higher values
representing optimal conditions. The TCI index also ranges from O to 1 with lower values

indicating harsh weather conditions, and higher values reflecting mostly favorable conditions.

In addition to the vegetation and climate data, annual population data by municipality
was collected from the Brazilian Institute of Geography and Statistics (IBGE), and we used it to
calculate the annual population density (Skondras et al., 2011; Zou and Yoshino, 2017).
Considering the complexity of the topography in this region, we also acquired relief data, which
was calculated from digital elevation model (DEM) data, and soil texture data from the
International Soil Reference and Information Centre (ISRIC). It is important to note that all these
data have different formats and spatial resolutions. Thus, we first converted those statistical data
(the minimum unit is the municipality) into geospatial point data using the spatial analysis tool in
ArcGIS 10.7.1. Second, we used the Inverse Distance Weighting (IDW) tool from ArcGIS 10.7.1
to convert them into raster data with 10 km by 10 km spatial resolution. The process of IDW is to

interpolate the points, area or pixels into raster dataset as a weighted average of a defined
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number of neighborhood points by assigning weight spatially (Gupta et al., 2020). Finally, we

normalized the spatial resolution of all raster data to 10 km by 10 km.

3.2.3 Twitter data

There are many different social media platforms such as Facebook, Instagram, and
Twitter. Twitter, however, has become the main social media platform around the world for
collecting public information for academic research because it is cost-effective and has a
ubiquitous presence (Batrinca and Treleaven, 2014; Stieglitz et al., 2018). One of the potential
utilizations of Twitter data is its geolocation information, which can provide the geographic
location of tweets and be integrated into geographic information science (GIS) to analyze the
interaction between human activity and the environment. In this study, we used the Twitter
platform to mine information that could be reflecting signs of environmental problems in the
Brazilian Cerrado. Twitter’s historical Application Programming Interface (API) was used to
access historical Twitter data from January 1th to December 31th for the years 2011 and 2016 in
Brazil. The API allows the user to set multiple words that can be used as filters (e.g., “natural
disaster”, “natural fire”, “drought”, “hot weather”, “water pollination”, “flooding”, “soil
erosion”, “bad environment”, and “deforestation”) to mine related tweets. Normally, each tweet
contains the exact geographical location information (or a bounding box containing four
coordinates of longitude and latitude that can approximately locate the place) where the tweet
occurred. However, because of the user privacy policy, only ~10% of tweets shared exact
geographical location information. Although most tweets do not have exact geographic location,

the bounding box can also provide approximate location information. Because all environmental

vulnerability indicators have a very coarse spatial resolution of 10 km by 10 km, for those tweets
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not having exact geo-location information, we calculated the center of the bounding box as the

geographical location of the tweets.

After mining the Twitter data, we discarded some tweets based on several rules. First, we
removed all the tweets with no identified geographical location. Second, we used ArcGIS 10.7.1
software to extract tweets that occurred only in the Cerrado area. Third, we filtered the tweets
that were related to our topic of research and removed those ones that used the same keywords,
but they were a metaphor to describe other things. Finally, we converted the target tweets into

geospatial point data using ArcGIS 10.7.1 software.

3.3 Methods

3.3.1 The Environmental Vulnerability Model

Generally, vulnerability describes the susceptibility of the system to environmental
problems, or the lack of ability to recover from resources depredation (Adger, 2006; Fuchs et al.,
2012). Many studies have demonstrated that vulnerability is a function of three factors: (1)
exposure to a stressor; (2) effect (also termed sensitivity or potential impact); and (3) recovery
capability (Lange et al., 2010; Metzger et al., 2006; B. L. Turner et al., 2003). However, other
studies have discussed vulnerability and adaptive ability separately in fields such as hazard
management, climate change and social environment management, which means that adaptation
is not a necessary part in vulnerability estimation (Brooks et al., 2005; Smit and Wandel, 2006).
In this study, we selected six exposure indicators and five sensitivity indicators to create an
environmental vulnerability model based on the definition of the Intergovernmental Panel on

Climate Change (IPCC) and the potential risks for the local environment related with agricultural
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expansion (Table 3.1). As we want to estimate its annual environmental vulnerability, for some

indicators, we used its average value to represent the entire year’s condition.

Since environmental vulnerability indicators came from different sources and to make
sure they do not strongly correlate, it is necessary to evaluate their correlation to understand the
internal relationship between both indicators. Among different correlation methods, we applied
Spearman’s rank correlation coefficient. Spearman is a nonparametric method for evaluating the
association or correlation between two independent variables (Gauthier, 2001). The advantage of
using the Spearman correlation is that it is a measure of a monotonic association that is used
when the distribution of data makes Pearson’s correlation coefficient undesirable or misleading

(Hauke and Kossowski, 2011).

The selected variables can present different contributions to the environmental system.
For example, air temperature, precipitation, wind speed, and population density can be assumed
to have a positive contribution since higher values of these indicators can easily cause
environmental vulnerability. On the other hand, some variables such as enhanced vegetation
index and evapotranspiration (ET) have a negative contribution, in other words, their lower

values mean higher environmental vulnerability.

Combining all these indicators to estimate environmental vulnerability could affect model
performance, to avoid this problem, we standardized the positive and negative variables using

following equations (Zhao et al., 2018b):

X = Xp_Xminp (4)

p Xmaxp _Xminp

X =X
X‘;’l — maxn—4n (5)
Xmaxn—Xminn
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Where: X;, and X}, are positive and negative standardized value, and X, and X,, are the

original value of that variable. X,,,,, and X,,;,, are the maximum and minimum value in that

positive or negative variable, respectively.

Table 3.1 The environmental vulnerability model and indicator explanation. Positive
contribution means higher value has higher environmental vulnerability, and negative
contribution means lower value has higher environmental vulnerability.

Factors Indicators Description Contribution
Exposure  Air temperature (ART) The annual average of air temperature Positive
Humidity (HMD) The annual average of specific humidity Negative
Annual total precipitation ~ The total of annual precipitation Positive
(TP)
Wind speed (WIS) The annual average wind speed Positive
Slope (SLP) Calculated from digital elevation model data Positive
(DEM)
Soil texture (SOL) Collected from International Soil Reference and Negative
Information Centre
Sensitivity ~Annual average Enhanced =~ We collected monthly enhanced vegetation index =~ Negative
vegetation index (EVI) to calculate annual average enhanced vegetation
index
Annual average of 0-10 Annual soil moisture at 0-10cm Negative

cm soil moisture (SOM)
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Annual Vegetation health ~ We collected monthly NDVI and daily LST to Negative

index (VHI) calculate annual vegetation health index

Annual total The total of evapotranspiration by land surface Negative

evapotranspiration (TET)

Population density (POD)  We collected population per municipality from Positive

IBGE and calculate its population density
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Figure 3.2 The modeling process. We applied autoencoder (round box) to exposure
variables and sensitivity variables to generate the optimal feature. Then we used Displaced
ideal model (round box) to estimate environmental vulnerability. Finally, Twitter data was
used to validate estiamted results.

3.3.2 Environmental vulnerability Estimate

Two steps were used to estimate environmental vulnerability in the Brazilian Cerrado
(Figure 3.2). First, we used the Autoencoder algorithm to optimize exposure and sensitivity
variables, respectively. Autoencoder is an unsupervised neural network that uses input samples
to encode into hidden-layer representation and then decode it to reconstruct the input (Lin et al.,
2013; Maet al., 2016). A good reconstruction ensures that the input signals were properly

represented in the lower dimension latent layer during the encoding procedure. We used it to find
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the most salient exposure feature and sensitivity feature respectively. It is important to notice that
there are many different types of autoencoders, such as stacked autoencoders and convolutional
autoencoders (Li et al., 2016; X. X. Zhu et al., 2017), which can be used to improve model
performance. Considering the volume of input data, we built an Antoencoder algorithm with two
hidden layers using the Keras library with Tensorflow backend in Python environment
(https://keras.io/), which is a deep learning API written in Python, and provides user friendly
interplay functions. Since the Autoencoder is a feedback neural network we decided to apply the
Adaptive moment estimation (ADAM) gradient as the optimizer, because the optimizer is a
gradient-based optimization algorithm of stochastic objective function and stochastic gradient
descent proves to be a very efficient and effective optimization method in deep learning

networks (Sharma et al., 2017). The mathematical equations of Autoencoder are as follows:

h; = sigmoid(W;x; + b;) (6)
x; = sigmoid(W,h; + b,) (7
L(Wy, Wy, by, by) = argming, w, b, b, 2ieallXi — %115 ()

Where: W, and b, are the encoder weight and bias from input (x;) to hidden layer (h;),
and W, and b, are the decoder weight and bias from hidden layer to the reconstruct input x’.

Sigmoid function is the activation function. L is the minimization of the reconstruction error.

In the second step, we applied the Displaced Ideal (DI) method (Mishra et al., 2017) to
estimate the environmental vulnerability. Initially, this method was proposed to calculate the
human development index (HDI), which is a statistic composite index of life expectancy,
education and per capita income indicators. Recently, some studies have used this method to

assess environmental vulnerability, and their results provided evidence that this method can
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integrate with other methods to improve the accuracy of environmental vulnerability assessment
(Wei et al., 2020; Gupta et al., 2020). The DI method is based on the concept that a better system
should have less Euclidean distance from the ideal. In the current study, with the optimized

exposure and sensitivity features, we calculated the environmental vulnerability using Euclidean
distance theory. A lower value means it has lower environmental vulnerability in this study. The

processes are as follows:

ex;i—eXmi
ex'/. — ij min (9)

i
J €Xmax—€Xmin

' S€ij—Semin
Seij - Semz]zx_semin (10)
EV = 2\[ (l‘e"fﬂzz(l‘sefﬂz (11)

Where: ex;; and se;; are the exposure and sensitivity feature from autoencoder model,
and ex; ; and se; ; are the standardized feature. X,y , S€max s €Xmin and Sep;;, are the maximum

and minimum of exposure and sensitivity feature from Autoencoder model, respectively. EV is

the environmental vulnerability, and 1 is the ideal condition.

3.4 Results

3.4.1 Correlation result

In this study, we selected 11 indicators that can potentially be used to model
environmental vulnerability in the Brazilian Cerrado. The Spearman’s rank correlation
coefficient results showed that the indicators do not have very strong positive or negative
correlation for the years of 2011 and 2016, thus we used all 11 indicators to estimate

environmental vulnerability in the Cerrado (Figure 3.3). For instance, in both 2011 and 2016, soil
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texture, total evapotranspiration, and vegetation health index had weak correlation with each
other. Nevertheless, the results also showed that annual average air temperature has medium
negative correlation with population density in 2011 and 2016, and the specific humidity (HMD)
has medium negative correlation with wind speed in 2016. On the other hand, the results also
found that annual average air temperature had stronger positive correlation with specific
humidity in 2011, and total precipitation had stronger positive correlation with surface soil

moisture in 2016 (Fig. 3).

LNEELL LRSI y LNEEL LSRR :
ART @@ EB ARJMD.. 8
HMD :

WIS.. 6 wis @ 6
PRE @ 0.4 PRE @ ® 4
sLP @ .2 sLP @ 2

soL @ 0 soL @ 0
AET @ loo AET @ 2
EVI @ lo.4 = @ 4
POP @ - POP @ 6
soMm @ I soMm @ 8

VH @ VH @I

Figure 3.3 The Spearman correlation of variables in 2011 (left) and 2016 (right). ART is
the annual average air temperature; HMD is the annual average of specific humidity; WIS
is annual average wind speed; PRE is the total annual precipitation; SLP is the slop; SOL
is soil texture; AET is the total evapotranspiration; EVI is annual average enhance
vegetation index; POP is annual population density; SOM is annual surface (0-10 cm) soil
moisture; VHI is annual average vegetation health index

3.4.2 Environmental Vulnerability result and its spatial distribution

We estimated environmental vulnerability of the Cerrado at grid scale with a spatial
resolution of 10 km by 10 km. To easily interpret the result, we used ArcGIS 10.7.1 software to
classify environmental vulnerability with three classes: low environmental vulnerability (< 0.35),
medium environmental vulnerability (>= 0.35 and <= 0.53), and high environmental
vulnerability (> 0.53). The division is based on the distribution of value and followed the idea

from Wei et al., (2020). In 2011, 6.72% of the Cerrado areas were classified as having low
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environmental vulnerability, 34.85% and 58.44% of the Cerrado areas were classified as having
medium and heavy environmental vulnerability, respectively. However, in 2016, the three
classes of environmental vulnerability changed to 3.45% (low), 33.68% (medium), and 62.87%
(high) (Figure 3.4). In terms of states, the results showed that the southern Cerrado, especially in
the states of Mato Grosso, Géias, Sao Paulo, and the western part of the Minas Gerais state
presented signs of high environmental vulnerability. The results also found that the northern part
of the Cerrado presented signs of low environmental vulnerability, specifically in the state of

Maranhao and in the northern part of the state of Tocantins (Figure 3.4).

When comparing the years of 2011 and 2016, the results showed significant changes of
environmental vulnerability in the states of Mato Grosso, Mato Grosso do Sul, Goéias, and
Maranhao. For instance, western Gdias and eastern Mato Grosso had high environmental
vulnerability in 2011, but some places in these two states changed to medium environmental
vulnerability in 2016. Oppositely, environmental vulnerability in some areas in Mato Grosso do

Sul and western Bahia changed from medium to high. It is also important to note that
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environmental vulnerability changed from low into medium in some areas in the northern

Cerrado (Figure 3.4).
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Figure 3.4 Environmental vulnerability maps in the Cerrado for 2011 and 2016 with
mined Tweets. The abbreviations of the Brazilian states’ names are as follows: BA: Bahia;
DF: Distrito Federal; GO: Goias; MA: Maranhao; MG: Minas Gerais; MT: Mato Grosso;
MS: Mato Grosso do Sul; PI: Piaui; PR: Parana; SP: Sao Paulo; TO: Tocantins.

3.4.3 Twitter data result

Conducting validation of modeled result is an important task. However, it is difficult to
collect validation data, especially when it involves historical information or when it involves a
large study area. Twitter is a platform that allows users to describe real time insights or present
public opinion on a topic such as the environment. In this study, we mined historical Twitter data
that expressed opinions about the environment in the Brazilian Cerrado and used it to validate
the environmental vulnerability results. We mined a total of 23,129 and 32,913 tweets for the
years of 2011 and 2016, respectively. The mined tweets contained key words that could
demonstrate concerns with the environmental in Brazil. We used the geographical location
services to select tweets that were located (or occurred) in the Cerrado region. The results

showed that there were 2,709 tweets in 2011 and 3,264 tweets in 2016 making references to the
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key words we chose to represent our topic of interest in the Cerrado region. It is important to
notice that although some tweets had key words, they did not describe environmental problems.
We removed these unrelated tweets and kept 245 tweets for the year of 2011 and 281 tweets for
the year of 2016, which represents 12.29% and 8.61% of all tweets in the Cerrado for 2011 and
2016, respectively (Figure 3.5). The analysis of these tweets brought interesting results. For
instance, the number of tweets that occurred in the months of June, July and September were
more than other months for 2011. In other words, there were more tweets related to the
environment during the dry season in the Cerrado. However, for 2016, the number of tweets in

the months of April, June, and August were more than for the rest of the year (Figure 3.5).

To validate the results of the environmental vulnerability, we overlaid the target Twitter
data on the environmental vulnerability map. The results showed that 88.57% of the tweets in
2011 and 88.97% of tweets in 2016 were located in the high environmental vulnerability areas
(Figure 3.4). However, the results also showed an association between low numbers of tweets
with areas classified as low vulnerable areas. Moreover, we listed the number of tweets in each
state that are within the Cerrado boundary (Table 3.2), and the results found that some high

environmental vulnerability states such as the states of Mato Grosso, Géias, Minas Gerais, Sao
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Paulo, and Mato Grosso do Sul had a higher number of tweets than other states in 2011 and
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Figure 3.5 Monthly number of Tweets with Key environmental vulnerability Words in the

Cerrado at the years of 2011 and 2016.

Table 3.2 Number of tweets in each state within the Cerrado boundary for the years 2011

and 2016
State 2011 2016
short Tweets Proportion Tweets Proportion
State name State name
name number (%) number (%)
BA  Bahia 2 0.82 Bahia 6 2.14
DF  Distrito Federal 16 6.53 Distrito Federal 14 498
GO  Goiis 35 14.29 Goids 51 18.15
MA  Maranhio 8 327 Maranhdo 15 5.34
MG Minas Gerais 61 24.90 Minas Gerais 80 28.47
MT  Mato Grosso 16 6.53 Mato Grosso 18 6.41
Mato Grosso do Mato Grosso do
MS 13 531 17 6.05
Sul Sul
PI  Piauf 3 1.22 Piau{ 6 2.14
PR  Parand 3 1.22 Parand 1 0.36
SP  Sdo Paulo 87 35.51 Sao Paulo 83 29.54
TO  Tocantins 11 449 Tocantins 10 3.56
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3.5 Discussion

3.5.1 Environmental vulnerability model analysis

The purpose of the present study is to estimate the environmental vulnerability of the
Cerrado. To estimate the vulnerability of the physical environmental in this region, we
highlighted climate effects and collected 11 indicators. Although we kept all selected indicators,
there are still some uncertainties. For instance, the possible reason of these stronger negative
correlations could be an internal relationship between indicators. In the Cerrado region, there are
two well defined seasons: a wet season and a dry season. The two seasons condition caused the
imbalance of precipitation, thus affecting the inequality of specific humidity in two seasons.
Furthermore, high wind speed could increase the flow of air mass, and consequently it could

decrease the humidity in the air.

Other correlations such as the positive correlation between precipitation and soil moisture
could be related to the original data limitation. Some scholars have used remote sensing data to
analyze the correlation of precipitation and soil moisture, and they concluded that positive
correlation exists in these two variables (Sehler et al., 2019). In this study, the total
evapotranspiration and enhanced vegetation index also had a positive correlation.
Evapotranspiration (ET) (MODIS product) can measure the availability and distribution of water
on land surfaces, which is an important component of the surface energy balance. Vegetation
canopy is strongly related with ET, and different vegetation types have different ET capacity
(Zhang et al., 2016). Similarly, the vegetation index derived from remote sensing can also be
used to estimate vegetation condition on the earth surface. The enhanced vegetation index (EVI)

in this study provides improved sensitivity in high biomass regions while minimizing soil and
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atmosphere influences, which can provide more accuracy of vegetation condition compared with

traditional NDVI (Son et al., 2014).

Additionally, we used an autoencoder algorithm to generate the optimized features and
applied the displaced ideal method to calculate the environmental vulnerability in the Brazilian
Cerrado. Our results indicate that the autoencoder is a reliable method to decrease the
dimensions of environmental vulnerability indicators. Commonly, this algorithm is broadly used
in the remote sensing community to classify imagery or remove image noise (Lin et al., 2013;
Ma et al., 2016), but our method provides evidence that it can be used to assess environmental

vulnerability.
3.5.2 Environmental vulnerability in the Cerrado

The three classes of environmental vulnerability results indicate that the high
environmental vulnerability is the dominating one in the Brazilian Cerrado for the years of 2011
and 2016. The Cerrado region in Brazil has been through enormous agricultural expansion with
more than 50% of its area converted into agriculture, which has caused environmental
degradation such as soil erosion, land fragmentation with effects in the hydrological cycle
(Gomes et al., 2017; Spera et al., 2016a). One potential explanation for the highly vulnerable
areas in the southern Cerrado could be related to agricultural development in these states. In
other words, the states in this classified region (e.g., Mato Grosso, Géias, Sdo Paulo, and Minas
Gerais) have been expanding agriculture since the 1980s, consequently these areas have been
through natural environment changes for decades (Cohn et al., 2016; Hunke et al., 2015a). For
example, in the state of Gdias, sugarcane areas increased from less than 142,000 ha to over
1,080,000 ha, and soy-corn double-cropping areas increased from 373,000 ha to 1,400,000 ha,

and in addition, cattle stocking rates also increased 0.07 heads/ha between 2003 and 2016

107



(IBGE, 2016; Spera, 2017b). These significant agricultural achievements, mostly caused by
replacing natural vegetation, could be affecting soil erosion and land degradation. Importantly,
with the development of agricultural technology, these above-mentioned crops have helped with
the process of agricultural intensification by increasing the agricultural yields of existing land
though chemical fertilizers and irrigation (Barretto et al., 2013; Van Asselen and Verburg, 2013).
Evidence has also shown that this type of agricultural expansion can positively affect the natural
environment by restoring degraded ecosystems and sparing natural vegetation (Barretto et al.,
2013; Tscharntke et al., 2012b). Thus, this could explain why some areas in the states of Mato

Grosso and Gdias had lower environmental vulnerability in 2016 compared with 2011.

Contrasting with the southern part of the Cerrado, the results for the northern Cerrado
present areas with lower levels of environmental vulnerability for the years of 2011 and 2016.
These areas are known as the new agricultural frontier! in Brazil (Aradjo et al., 2019; Horvat et
al., 2015b) and consequently it has not shown severe environmental problems for the period
under investigation. However, with lower land prices than the more established areas and the
recognition by the government as a new agricultural frontier, this region will probably become
more vulnerable with agriculture expansion and intensification, thus potentially facing the same

environmental problems (e.g., soil erosion and water pollution) of others highly vulnerable areas.

Our estimations indicated that lower vulnerable areas changed into medium vulnerable
areas in 2011 and 2016. It is also noticeable that the western state of Bahia has more area

changed into highly vulnerable area in 2016. This part of the state of Bahia could be considered

! For instance, MATOPIBA is located in this region and it was officially designated in May of 2015 by the Brazilian

government as the new agricultural frontier.
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as an old agricultural area in the Cerrado (Aratjo et al., 2019; Noojipady et al., 2017a), which
could be providing evidence that agricultural expansion might be one possible reason for
environmental vulnerability in this region. In addition, it is important to note that the Cerrado
region has a complex topography that varies from canopy covered forest in the northwest part of
the Cerrado to grassland on the high plateau. The forest has a higher vegetation index than
grassland, which could give rise to some potential bias in the model, thus causing lower
environmental vulnerability (Beuchle et al., 2015a). The complexity of vegetation distribution

could also explain the spatial distribution of environmental vulnerability in the Cerrado.
3.5.3 Twitter data and environmental vulnerability

In the current study, we tested the use of Twitter data in validating the model results. The
validation indicates that Twitter data is a potentially reliable data set in environmental
vulnerability assessment. Thus, our results confirm what other studies have also concluded about
the use of this type of data. More specifically that nontraditional data sets such as Twitter data
can provide an incredible volume of data to help assess disaster management (Cervone et al.,
2016; Wang and Ye, 2018). However, different from these previous studies, our study is the first
to use historical Twitter data in the validation of estimates of environmentally vulnerable areas.
This is significantly important for considering some problems with uncertainty. For example,
many scholars have focused on the development of novel methods to assess environmental
vulnerability, but they lacked enough evidence to validate the modeled results (Nandy et al.,
2015; Zou and Yoshino, 2017). Considering the size of the study area and accessibility of social
media information, data mining of historical Twitter data emerges as a potential solution.
Nevertheless, it is important to keep in mind that although the data provides valuable information

to help us identify areas of high environmental vulnerability, the internal variation within the
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historical years need to be carefully evaluated. For instance, one possible reason for a higher
number of tweets in 2016 compared to 2011 could be related to the increasing popularity of the
Twitter platform in the Cerrado. It is known that the 2011 was the fifth year after Twitter
launched and it is not a surprise that the total number in 2011 is less than in 2016. Second, some
possible reasons for higher numbers of tweets in some months compared to other months could
be related to extreme weather events in these months. For instance, in our study we set filters to
mine Twitter data that captured information during the two well defined seasons that occur in the
Cerrado region of Brazil (i.e., the dry season from April to September and the wet season from
October to March), which could have some unusual climate effects such as very high
temperature or insufficient precipitation. Therefore, users could be easily tweeting the context
that they were facing by using key words such as hot, dry, or drought, and not necessarily
expressing concerns about the vulnerability of the environment. Additionally, it is important to
notice that social media data is more commonly used in developed or dense residential areas
(Stieglitz et al., 2018). This could also explain why there are more tweets in the state of Goias,
Minas Gerais, and Sao Paulo when compared with very fewer tweets in the northern states of
Piauf and Bahia (Table 3.2). Finally, when comparing streaming Twitter data with historical
data, a potential drawback emerges. The historical Twitter data volume is much smaller due to
increasing popularity over time. For instance, in the current study, although we mined more than
20,000 tweets for the selected years, the total number of useful tweets in the Cerrado had just

hundreds of tweets, which could be affecting the results.

3.6 Conclusion

The development of environmental vulnerability indicators is a critical method to analyze

the consequence of human activity in the environment. In this study, we used an Autoencoder
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algorithm to generate optimal features of exposure and sensitivity with a Displaced Ideal (DI)
method to calculate the environmental vulnerability of the Brazilian Cerrado for the years of
2011 and 2016. In doing this, we also tested the use of Twitter data in validating the modeled
results. The proposed methodology was able to provide a novel approach to estimate the
environmental vulnerability for a large-scale area by combining the use of remote sensing data
with machine learning. This approach overcomes the approach of assigning weight to model
variables with the intent of improving the accuracy of the results. Our results also indicate that
machine learning and Twitter social media data have potential for estimating and validating

environmental vulnerability models.

It should be emphasized that the proposed methodology still has some limitations that
need to be addressed in the future. First, we chose 11 vulnerability indicators to estimate the
environmental vulnerability in the Brazilian Cerrado based on local environmental conditions.
However, because of the complexity of the study area, it is difficult to develop indicators to
represent all possible environmental conditions in this region. Second, to estimate the annual
environmental vulnerability of the Brazilian Cerrado, we take the average value to be the entire
year’s condition, which could give rise to potential errors due to monthly internal variation.
Third, because of the limitations of field data collection, we used Twitter data to validate our
results but recognizing some potential shortcomings. For example, the geolocation of tweets is
not a required information in tweet due to the user’s privacy policies. Although we can use
bounding box to approximately locate the tweets in the study area, the actual location of in-situ
reports is still uncertain. Instead of these limitations, the findings can shed light on the
environmental assessment field and the proposed method can be replicated to other similar

regions around the world.
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Chapter 4 - Map agricultural expansion areas in the Matopiba

region using Conv-LSTM model

Abstract

Accurately mapping agricultural areas is important to help us understand the interaction
between human activity such as fire activity and the environment. Deep learning algorithms are
broadly used in the remote sensing community, but it is still unclear for mapping agricultural
areas considering spatial, spectral, and temporal scales. This study seeks to map two agricultural
areas and estimate their interactions with burned areas. We proposed a hybrid deep learning
algorithm combining convolutional neural network (CNN) and long short-term memory (LSTM)
to classify vegetation-covered areas in two interested areas in the Matopiba region in Brazil in
September 2012. We prepared features as band 1, band 2, band 3, band 4, and SAVI. All bands
information is derived from MCD43A4 MODIS product and has a spatial resolution of 478 m by
478 m. In the model, the CNN part can learn spatial correlation for each pixel from input data,
and the LSTM part can learn the temporal scale of the input image. The overall accuracies of
classification in place A and place B are 79% and 77% respectively compared with the
MCD12Q1 annual land use and land cover product. After analyzing the burned areas that came
from the MCD64A V6 product for the same month, the results found that most burned areas
happened in the grasslands in the place A, and forestland in place B. Meanwhile, the results also
found that burned areas easily occurred at the edge of cropland. Our findings indicate that the
proposed model is reliable for classifying time series remote sensing images, and the

performance depends on the spatial distribution of each land use type in the study area.
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Furthermore, the findings also reveal that fire activities are still one of the most common ways to

expand agriculture in the Matopiba region.
Keywords: CNN, LSTM, land use and land cover, classification, remote sensing, burned area

4.1 Introduction

Land use and land cover change is still an effective method to understand the interaction
between human activity and environmental changes (Deng and Li, 2016a; Meyfroidt et al., 2013;
Van Asselen and Verburg, 2013). Mapping different types of land use and overlaying with
burned area can estimate the influence of fire activity on the environment. Fire is an important
environmental management tool to maintain ecosystem health (Andela et al., 2017; Hall et al.,
2016). On the one hand, it can reduce the amount of biomass present on the landscape or control
wild flora and fauna, which can improve the adaptability of the species (Beringer et al., 2007;
Randerson et al., 2012), on the other hand, it shapes vegetation structure and composition
(Dubinin et al., 2010; Lizundia-Loiola et al., 2020). Although natural fires can maintain the
health of ecosystems and update vegetation construct, fire activity is both a common way to
expand agriculture but also one of the major contributors to air pollution (Beringer et al., 2007;
Chuvieco et al., 2016; Ravindra et al., 2019; Yin et al., 2017). For example, Sun et al. (2016)
mentioned that hundreds of millions of agricultural crop residue burned each year in China has
already became one of the important global sources of CO2 emissions. Some studies also stated
that fire activities are one important way to develop agriculture in some regions around the world

(de Aragjo et al., 2012; Pivello, 2011).

To understand the interaction of fire activity and land use types, currently the primary

dataset is still remote sensing images, because of its cost-effectiveness and continuous record

139



(Deng and Li, 2016b; Huang et al., 2002). The multiple spectral resolution of remote sensing
data can provide useful reflectance information with different wavelength intervals to help us
identify different types of land use and land cover types. Classifying remote sensing images is
the most common and challenging method to understand land use and land cover types, and
many different methods exist (Mountrakis et al., 2011; Whiteside et al., 2011; Xu et al., 2005;
Zhang et al., 2019). Among them, machine learning algorithms have been broadly used in the
remote sensing community due to their higher performance (Kavzoglu and Colkesen, 2009; Pal
and Mather, 2003; Rogan et al., 2008; Shao and Lunetta, 2012). For instance, Huang et al. (2002)
assessed the ability of support vector machines for land cover classification and they concluded
that support vector machines outperform other machine learning algorithms. Ramo et al. (2018)
tried four traditional machine learning algorithms to map the global burned areas, and discussed
their difference based on their results and validation data. Using Landsat images, Luo et al.
(2019) also tried support vector machine and decision tree to classify dam disaster areas. Though
these machine learning algorithms can achieve better performance than statistical methods, their
main drawback is that they cannot consider the spatial correlation with surrounding pixels in

remote sensing images.

Compared with these traditional machine learning algorithms, deep learning models, such
as convolutional neural network (CNN) and recurrent neural network (RNN), because of their
ability to consider spectral, spatial and temporal information of remote sensing images, has
caught the attention of many scholars (Castelluccio et al., 2015; Liu et al., 2016; Maggiori et al.,
2016; Zhu et al., 2017). As the most popular deep learning algorithm, CNN has been broadly
used in the remote sensing community to classify images. For example, some studies use CNN to

classify hyperspectral and large-scale remote sensing images and they concluded that CNN
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performed than other machine learning algorithms for image classification (Paoletti et al., 2018;
Yu et al., 2017). Later on, some studies improved on the CNN based on the characteristics of
remote sensing images, such as fully convolutional network and 3D convolutional network, and
these implications can decently improve the accuracy of classification (Li et al., 2017; Maggiori
et al., 2016; C. Zhang et al., 2018). The advantage of the Convolutional Neural Network is that it
can consider the spatial construction of pixels, which can improve classification accuracy (Zhang
et al., 2016). However, the limitation of CNN is that it is difficult to consider the temporal
resolution of remote sensing images, especially when mapping time series images. Recurrent
Neural Networks (RNN), however, can elegantly avoid this kind of problem thought learning
sequence data. The general idea of the Recurrent Neural Network is the neural network can
generate a memory with time change and use it to learn next time step, which has been broadly
used in speech recognition, signal processing, and natural language processing (Ienco et al.,

2017; Mou et al., 2017; X. Zhang et al., 2018).

Nevertheless, the common problem about the RNN is gradient vanishing and exploding
(Ndikumana et al., 2018). To overcome it, scholars have updated RNN and the most popular
ones are Long Short-Term Memory (LSTM) and Gate Recurrent Unit (GRU) (Cheng et al.,
2016; Dey and Salemt, 2017; R. Fu et al., 2017). For example, some studies using LSTM to
classify cropland used time series remote sensing data (Shi and Pun, 2018; Sun et al., 2019).
Importantly, many applications need to consider the spatial variation and temporal scale of
remote sensing images at the same time. For example, Donahue et al., 2017 published long-term
recurrent convolutional networks for visual recognition and description, and Shi et al., 2015
created a convolutional LSTM network to predict climate for near future time and they

concluded that the proposed model captured spatial and temporal correlation better. However,
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very few studies combined these two deep learning algorithms to classify remote sensing images

with coarse spatial resolution.

In recent years, with climate change and agricultural expansion around the world,
wildfires have become a serious problem. Estimating its interaction with land use and land cover
is an important task under current environment scenario. The goal of this study is to create a deep
learning model to classify MODIS images and analyze its interaction with burned areas in the
Matopiba region, which is a new agriculture frontier in Brazil. We have a three-fold aim: (1) to
build a convolutional neural network and long-term short memory deep learning (Conv-LSTM)
model; (2) to classify two agricultural areas chosen from the Matopiba region; (3) to estimate the

interaction between burned areas and classification results.

4.2 Material and method

4.2.1 Study area

We addressed our study area in the Matopiba region (Brazil), which interact with parts of
the states of Maranhao, Tocantins, Piaui and Bahia (Salvador and de Brito, 2018). The region has
a two-season climate. The dry season is from April to September and the wet season is from
October to March. During these last three decades, this region has experienced enormous
agriculture expansion, with more than 50% of the natural vegetation being converted into
agriculture areas (Horvat et al., 2015; Salvador and de Brito, 2018). For example, in 2014-2015,
the Matopiba region contributed 9.4% of the 209.5 million tons of grains produced in Brazil
(Araujo et al., 2019). However, besides continuous agriculture expansion, environmental
problem caused by fire during the dry season also caught the attention of scholar. Mapping
vegetation covered areas and estimating their spatial distribution with burned areas can help us

understand the interaction between human activity and environment. In this study, we selected
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two places in the Matopiba region to generate land use maps in September at 2012 based on the
availability of the data. The two places have the same extent with 420 *420 pixels (~40572 km?2)
and the spatial resolution is 478 m by 478 m. The place A crosses four states, but most of the
study area is in the western state of Bahia and eastern state of Tocantins; and place B interacts
with the states of Maranhao and Piaui (Figure 5.1). Land use and land cover in both places is

dominated by cropland, grassland and forestland (savanna).

m Matopiba region
\:l Brazil Biomes

%5
0 550 1,100 2,200 Kilometers
L t 1

TOCANTIN ./ R }

0 185 370 740 Kilometers (
————t———

Figure 4.1 The geographic location of the Matopiba region and two selected places A and
B with world imagery derived from ArcGIS services.

4.2.2 Data source

Considering the size of the study area, we chose MODIS product with a spatial resolution
of 478 m by 478 m. Reflectance plays an important role in identifying the object on the land

surface, because visible wavelengths such as blue, green and red can be easily interpreted and
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they are broadly used in remote sensing classification (Ke et al., 2015; Roy et al., 2016). In this
study, we selected the MCD43A4 V6 product as our main data set, because this product uses the
Nadir bidirectional reflectance distribution function (BRDF) — adjusted reflectance, which
already removed the view angle effects caused by sensor (Schaaf and Wang, 2015). Based on its
moderate spatial resolution and land use structure in study areas, we focused on classifying
cropland, grassland and forestland in these two places. Though there are some roads, water
bodies or developed areas in the study area, because they took less than 2% of the whole study

area, we assigned them as grassland in this study.

We used the last day of September (Julian day is 274/275) as our research data because
we also wanted to estimate the relationship between land use and burned areas at these two
places in the dry season, and the last day of September can record fire activities for the whole
month during the dry season. The fire season in the Cerrado is from May to September and
September has more fire activities than other months (Pivello, 2011; Rodrigues et al., 2019). The
most common problem of classifying remote sensing images is the cloud problem, which could
affect the classification result, and the other reason that we chose September is that both places

have less than 2% of cloud cover, which can remove potential errors during the data process.

The MCD43A4 V6 product has seven shortwave bands, with band 1 (620—670 mm),
band 2 (841-876 mm), band 3 (459—479 mm), band 4 (545-565 mm), band 5 (1230-1250 mm),
band 6 (1628—1652 mm), and band 7 (2105-2155 mm). We selected band 1, band 2, band 3, and
band 4 for our features. Meanwhile, we also calculated the Soil Adjusted Vegetation Index
(SAVI), which is the vegetation index considering the influence of soil, and some studies also

pointed out that soil background condition is also one of important factors affecting the
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vegetation index, especially in the dry season (Ren et al., 2018). The data set and features we

used in this study are listed in Table 5.1.

Table 4.1 The date of remote sensing images and classification features used in this study

Remote sensing Band 1 Band 2 Band 3 Band 4
SAVI
data (620~670mm) (841~876mm) (459~479mm) (545~565mm)

Julan273, 2007 1 1 1 1 1
Julan275, 2008 1 1 1 1 1
Julan273, 2009 1 1 1 1 1
Julan273, 2010 1 1 1 1 1
Julan273, 2011 1 1 1 1 1
Julan274, 2012 1 1 1 1 1

Classifying historical remote sensing images has the problem that it is difficult to find
inventory data to validate results. To overcome this problem, we collected the MCD12Q1 V6
annual land use and land cover product with the same spatial resolution with our input data,
which is a global land use and land cover product (http://LPDAAC.usgs.gov). Besides this data
set, we also collected the Mapbiomas annual land use and land cover product with a spatial
resolution of 30 m by 30 m, which is the professional land use and land cover product in Brazil

and it broadly used in many remote sensing classification studies (Luo et al., 2019).

To estimate its interaction with burned areas, we also collected monthly burned area data.
The MCD64A1 V6 monthly MODIS product was used in this study because it has the same
spatial resolution as the MCD43A4 product, and the accuracy of this product is outstanding

compared with other products (Belenguer-Plomer et al., 2019; Giglio et al., 2018).
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4.2.3 Deep learning model structure design and process

To classify land use in places A and B, the Conv-LSTM model is proposed, which
combining the convolutional neural network (CNN) and long short-term memory (LSTM)
algorithms. The CNN algorithm can help us to extract features considering its spatial correlation
with neighbor pixels from the image, which can optimize features and reduce computing time.
The LSTM part is used to determine the temporal scale influence of the remote sensing image.
Because remote sensing images are not normal RGB images and lack a sufficient data set to
apply deep learning (Paoletti et al., 2018), we used a batch-based method to create overlapping
patches that fit the input data format to the CNN model (Maggiori et al., 2016; Sharma et al.,
2017). Considering the spatial construction of different land use types, 15*15*5 of each patch
was created representing width, height and depth. One disadvantage of this method is that
patches from the edge of remote sensing images could cause potential bias, because it either fills
0 to generate designed patch size or removes edge pixels (Chen et al., 2016; C. Zhang et al.,

2018).

The general idea of the CNN is to build a filter to cross the whole image to collect useful
information, then a pooling layer will be generated by extracting abstract information. Usually
we need to create a couple of convolutional layers to fully understand the original image. Then
we add a fully connect layer to flatten output of the polling layer and apply a normal neural
network to get the final result. In our CNN part, we created three convolutional layers, but just
added a max pooling layer for the third convolutional layer (Figure 4.2). Since patch size is 15
by 15 pixels, we set the filter to 5*5 in both places during the CNN part. To avoid data missing,
we used the padding method to get the same extent with the input data in the first convolutional

layer. After three convolutional layers, we flatten the output and went into LSTM part.
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Recurrent neural networks (RNNss) are well-designed machine learning techniques that
stand out for their ability to manage sequential data sets such as time serial images. Contrary to
convolutional neural networks, they can determine the spatial correlation of pixels, RNNs can
consider the changes of the same pixels over time. To avoid common vanishing or exploding
problems in the RNN, in this study, we selected Long Short-Term Memory (LSTM), which has a
long memory part and short memory part and three different gates. These gates have two major
functions: (1) They regulate the quantity of information to forget/remember during the process;
and (2) they deal with the problem of gradient disappearance/bursting. Among different types of
RNN such as one to one, many to many and many to one, in this study, we stacked two LSTMs,
the first one being many to many type, and the second one being many to one type. Finally, we
add normal neural work to generate a result, and a SoftMax layer is stacked on the last recurrent
unit to predict the final multi-class. The SoftMax priority is given instead of the Sigmoid
function, because the value of the SoftMax layer can be considered as a probability distribution
on classes that total up to 1 (Peng et al., 2017). The process of the proposed model is list at

Figure 4.2.
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Figure 4.2 The process of the proposed model. The bracket is the classifier model part,
wherein we used the multiple patches created from time serial remote sensing images (red
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box). The right side of the image is the classification result and ground true data (MODIS
product).

To classify remote sensing images in places A and B, we prepared multiple layers image
data (with 420 * 420 pixel and 5 depths) and we sequenced these six years of data for 2007,
2008, 2009, 2010, 2011, and 2012. To train this proposed model, we manually collected each
land use type’s training label around the study areas using existing land use maps and Google
Map. Then, we tired the feature images with labeled the image as input for the model. We
implemented the model though the Keras python library with Tensorflow as the back end
(https://keras.io/) because this library is built on the top of the Tensorflow and it is easy to use.
To combine the CNN and LSTM algorithms, we used the Timedistirbuted function in the Keras

to wrap all convolutional layers.

During the modeling process, we experimentally found that the best performance of the
first LSTM output dimension is 35 and the second LSTM output dimension is 10. To train the
model, we used a rectified linear unit (ReLU) activation function during the model process,
which is a powerful activation function in the deep learning model with less computer
calculation time and higher accuracy, and we selected categorical cross entropy as the loss
function because of its the standard loss function used in all multiclass classifications (Paoletti et
al., 2018; Sharma et al., 2018; C. Zhang et al., 2018). Then we used Adam optimizer with a
learning rate of 0.00001. The Adam optimizer is a first-order gradient-based optimization
algorithm of feedback to the neural network, which is the most common optimizer in the deep
learning model because of stochastic gradient descent that proves to be a very efficient and
effective optimization method in recent deep learning networks (Kingma and Ba, 2015). The
experiment is trained for 40 epochs, with a batch size set at 1 using the Google Colaboratory

platform with XLA GPU.
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4.2.4 Model validation and data analysis

For the model validation purpose, we used the CNN part of the proposed model (CNN
model) to classify the same remote sensing image in September 2012 by replacing Adam
optimizer with Stochastic gradient descent (SGD) optimizer (Hutchison and Mitchell, 1973) and
set its learning rate as 0.0001. In classifying remote sensing images, it is important to validate the
model performance and evaluate classification results. The most important step about
classification is to validate the results. When classifying remote sensing images, there are two
parts that need to be validated. To achieve good results, we need to validate the classifier model,
for which we have a loss function to help us monitor the model. The second part is the
classification result. In this study, we used inventory the MODIS MCD12Q1 V6 product as the
reference data to validate our classification results. Particularly, we created a confusion matrix to

evaluate the performance for each land use.

To estimate the interaction between burned areas and land cover maps, we used our
classification results for the last day of September to overlay the monthly burned areas map,
which is a widely used burned area product with the MODIS MCD64A1 V6 product.
Particularly, we overlaid classified results and burned areas to analyze their spatial distribution

and calculated the proportion of burned areas in each land use type.

4.3 Results

Using the proposed model, we classified remote sensing images (September 2012) from
places A and B, and we used the MCD12Q1 V6 land use and land cover product to validate our
results. Overall, the accuracy of place A is 79%, and place B is 77%, and different land cover

types had different performances (Table 4.2). In place A, all three land use types had decent
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accuracy and the accuracy of grassland extended 85%, but in place B, grassland had the lowest
accuracy (less than 50%). Moreover, the cropland and forestland in place B had a better
performance than place A, with more than 70% and 95% respectively. Meanwhile, we also
visually compared the results with Mapbiomas annual land use and land cover product, which is
broadly used in the academic field with its spatial resolution of 30 m by 30 m (Figure 4.3). The
results showed that our results are much closer to the Mapbiomas product. For example,
compared with our results, the MODIS product, and the Mapbiomas product, the cropland in our
results are visually closer with the Mapbiomas product. Similarly, grassland in place B of our

result is closer to the Mapbiomas product (Figure 4.3).

Table 4.2 The confusion matrix made with classification results and reference data with
the CNN model and Conv_LSTM model

cropland grassland forestland Precision Recall F1-score Accuracy

cropland 13336 7101 429 0.52 0.64 0.57
Place A
grassland 11433 76499 18115 0.78 0.72 0.75 0.68
CNN
forestland 846 14788 22289 0.55 0.59 0.57
cropland grassland forestland Precision Recall F1-score Accuracy
cropland 5032 5682 1638 040 041 040
Place B
grassland 3835 12841 8118 0.20 0.52 0.29 0.59
CNN
forestland 3647 45125 78918 0.89 0.62 0.73
cropland grassland forestland Precision Recall Fl-score Accuracy
cropland 17109 3700 57 0.65 0.82 0.73
Place A
grassland 8326 87180 10541 0.86 0.82 0.84 0.79
Conv-LSTM
forestland 804 10622 26497 0.71 0.7 0.71
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cropland grassland forestland Precision Recall Fl-score Accuracy

cropland 7951 4247 154 0.70 0.64 0.67
Place B
grassland 2945 16590 5259 0.37 0.67 048 0.77
Conv-LSTM
forestland 530 23984 103176 0.95 0.81 0.87
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Figure 4.3 The classification result (left), MOD12Q1 LULC product (middle), and
Mapbiomes map product (right). Top three maps are place A and bottom three maps are
place B.

The classification results also show that in place A, grassland is the dominant land use
type and it covers more than half of the study area. The large pattern of cropland is in the
southern study area, but the forestland is randomly distributed in the northeast and the southwest

corner in place A (Figure 4.3). In place B, the dominant land cover was forestland, and grassland
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and cropland are randomly distributed in the study area where they are connected with each other

(Figure 4.3).

The other goal of this study was to estimate the interaction between burned areas and
classification results. In this region, September has more fire activities than other dry season
months, which is also the month farmers need to prepare for the up-coming crop growing season.
The overlaid analysis results showed that there are 14.13% burned areas in place A and 13.25%
burned areas in place B. The cropland had lowest burned areas in both places, and they were
0.08% and 0.09%, respectively. Meanwhile, the results also found that grasslands were 9.55% in
place A, and 12.27% burned areas occurred in the forestland in place B (Table 4.3). Spatially,
our results showed that more burned areas happened in grasslands in place A, and more burned
areas happened in forestlands in place B. In addition, our results also found that most of burned

areas happened at the edge of the cropland in both places (Figure 4.4).

Table 4.3 The proportion of burned areas in each land cover types in place A and B

Land use types Place A Place B
Unburned 85.87 86.75
Burned cropland 0.08 0.09
Burned grassland 9.55 0.90
Burned_forestland 4.50 12.27
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Figure 4.4 The spatial distribution of burned areas in each land use type. Left image is
place A and right image is place B

4.4 Discussion

4.4.1 Model evaluation and analysis

In this study, we collected time serial MODIS remote sensing images and created a CNN-
LSTM model to classify land use and estimate its interaction with burned areas at two places in
the Matopiba region. The proposed model can mainly classify each land use type, and the decent
overall accuracy in place A and B have several explanations. First, the input data are chosen
from the last day of September, which is in the dry season, and most cropland are in the fallow
condition, which could be difficult to classify as grassland because of the confused reflectance
values. Some studies also reported this problem when they classified remote sensing images in
the savanna area (Luo et al., 2019). Second, the MODIS product has a coarse spatial resolution,
which cannot record details about the land use information in one pixel, especially with mixed
land cover types. Although these two places have large-scale cropland, the edge of cropland
could mix with grassland or forest, which increase the error. Third, one major problem with

classifying historical land cover types is the difficulty finding reference data. In the current
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study, we used the MCD12Q1 V6 product (IGBP) as reference data to calculate classification
accuracy, the lower values in both places could be caused by the quality of the MCD12Q1
product. Meanwhile, we also visually compared our results with Mapbiomas annual land use and
land cover product, and the classification results provide more evidence that the proposed model

is a reliable one to classify time serial remote sensing images with coarse spatial resolution

(Figure 4.3).

The proposed model in the current study is novel; it combines convolutional neural
network (CNN) and long short-term memory (LSTM) algorithms to learn the spatial and
temporal resolution of MOIDS remote sensing image at the same time. Although the CNN can
also be used to classify time serial remote sensing images (Li et al., 2017; Pelletier et al., 2019),
the RNN is still the primary one because it outperforms on sequential data (Gamboa, 2017; X.
Zhang et al., 2018). Integrating these two popular deep learning algorithms, our empirical results
showed the proposed model can work on different places with different land cover spatial
distributions. For example, place B has more fragmented land use, such as cropland and
grassland, which increased the difficulty of classification. However, the overall accuracy of place
B can also reach to 77% compared with the existing data set. Furthermore, one difficult step to
classify remote sensing images using a deep learning model is the lack of enough training data,
and one effective solution is to build patches (Sharma et al., 2017; C. Zhang et al., 2018). It can
create small patches from the original image and increase the volume of input data to improve
the performance of the model. Our result indicates that this method is a robust method for
classifying remote sensing images using a deep learning model. Compared with one dimensional
(pixel-based) input data, this way we can take into consideration neighbor pixel information,

which is important for remote sensing images because some objects on the land surface
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generated by patterns such as grassland, cropland, and forestland. In addition, there are many
studies on using CNN or LSTM algorithm to classify multispectral or hyperspectral remote
sensing images; the input data has fine spatial resolution, and their results showed that these deep
learning models outperformed traditional machine learning algorithms (Paoletti et al., 2018; Shi
and Pun, 2018; Yu et al., 2017). However, our results added more evidence that the proposed
model can also classify remote sensing images with coarse spatial resolution and the model can

improve the accuracy of time serial remote sensing images.

Additionally, the proposed model also presents some limitations. For instance, the border
effects problem is a common problem in image processing using the CNN model. In this study,
we created overlapping patches in each remote sensing image, but we did not consider the edge
of the images, which could lose some edge information depending on the chosen patch size.
Besides, although the Tensorflow library provides a method to fill this gap, with a limited data
set such as remote sensing images, the artificial patches could affect the model performance
because of the filled values. Some studies used alternatives such as a full CNN to solve the
problem (G. Fu et al., 2017; Maggiori et al., 2016), but we did not apply it in this study. We

admitted that more work needs to be done in the future to solve the problem.

Finally, the reason we created the proposed model is to classify the time series remote
sensing image at the agricultural expansion areas, which the changing land use and land cover
could affect the classification results. To test the ability of the proposed model, we also used the
CNN model to classify the same remote sensing image and the results from the table 4.2
indicated that the proposed model indeed improves the classification. The results revealed that

the proposed model is reliable for time series remote sensing classification.
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4.4.2 Classification result analysis

Place A and B have slightly different overall accuracies and the different overall
accuracies are associated with the spatial distribution of each land use in places A and B. The
place A we chose has three land cover types, and each of them can easily generate patterns,
however, the same three types of land use in place B are more fragmented and grassland and
forestland are mixed with each other. This complex spatial distribution in place B caused the
difficulty of selecting training data, which plays a critical role in the proposed model.
Importantly, instead of classifying a single remote sensing image, we collected time series
remote sensing images and considered the temporal variation of the same pixel over time to
apply to the proposed model. Taking advantage of the CNN algorithm, we can determine the
image’s spatial correlation, and from the LSTM algorithm, we can learn each pixel’s temporal
variation; the classified results should be better than by using just either one of them. The other
possible reason for the lower accuracy in place B is that we used time series remote sensing
images; with the fragmented land cover types, it is difficult to identify grassland. However,
another possible reason for the better performance in place A is that it’s easy to choose training
data because of the regularly distributed land use types (Figure 4.1). Furthermore, the overall
accuracy of place A and B also depends on the reference data. Comparing the results with the
MCD12Q1 and the Mapbiomas product, we qualitatively observed that classification results are
closer to the Mapbiomas product, which is the 30 m by 30 m classification product. This also
indicates that the proposed model can improve performance of remote sensing image processing,

in either a regular land use distribution area or a fragmented land use area.

Specifically, the results indicate that different land use types have different performances

in places A and B. The reason for the higher accuracy of cropland is that the places we chose
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have been experiencing continuous agricultural expansion, which makes it easier to collect
training data. For example, the south in place A is partially in the western of the state of Bahia,
and this area is the main crops areas of this state (Araujo et al., 2019; Noojipady et al., 2017). In
place B, the accuracy of cropland is slightly higher than place A because the cropland is
randomly located in the study area. September is still at fallow period, the SAVI, which
considered soil background can improve the performance of cropland pixels that mixed with
other land cover types. da Silva et al., (2020) also used SAVI to remove soil background
influence to improve their classification result. On the other hand, the grassland has the lowest
accuracy in place B and the reason is that the study area is a subtropical savanna, and forestland
in this area means there are trees, but they cannot form a canopy (Schwieder et al., 2016). With
the mixed grassland and forest, the reflectance bias could cause the error. Additionally, in this
study, the main goal is to classify cropland, grassland, and forestland. However, there are also
bodies of water and urban areas in both places, which occupy very few pixels. Because we used
the MODIS product with a spatial resolution of 478 m, we just ignored them and treated them as

grassland, which is the other possible reason causing the lower overall accuracy in place B.
4.4.3 The relationship between agricultural expansion and burned area

Recently, with the cheap land price and government encouragement, the Matopiba region
has become the new agricultural frontier and more than 50% of the natural vegetation has been
converted into cropland, especially in the western region of the state of Bahia and the central of
the Matopiba region (Araujo et al., 2019; Spera et al., 2016). To estimate the interaction between
fire activities and agricultural expansion, we overlaid these two maps. Our results indicate that
most burned areas occurred in the grassland in place A and forestland at place B. The possible

explanation could be the heterogeneity of the landscape. Grassland is concentrated on the left
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side of place A, and grassland is the most common land use to apply fire activity (Pivello, 2011;
Rodrigues et al., 2019). Moreover, the possible reason of burned areas in forestland at place B
could be that forestland is the dominant land use in this place; it is mixed with grass and trees,
and farmers prefer to burn grass to prepare for the crop-growing season (de Aragjo et al., 2012;
Pereira et al., 2017). Besides, this region has a two-season climate, and September usually is the
last dry season month. Farmers need to prepare land for the growing season and most of them

chose to burn residues on the land especially for the large-scale farms.

Furthermore, the reasonable explanation for burned areas occurring at the edge of
cropland in both places (Figure 5.4) is that this region is experiencing agriculture expansion.
Recently, though some studies conclude that agricultural expansion in the Cerrado is the result of
agricultural intensification, in this new agricultural frontier, agricultural expansion still keeps
agricultural extensification during the study period (Martinelli et al., 2010; Rada, 2013). The
estimation further evidence that agricultural expansion in this region is an ongoing phenomenon

that could affect the environment.

4.5 Conclusion

Deep learning algorithms have been broadly used in the remote sensing community to
improve classification performance. This paper proposed a novel deep learning model to classify
time series remote sensing images and we estimate the interaction between classification results
and burned areas. The proposed model can consider the spatial and temporal resolution of the
remote sensing at the same time, which provides a novel way to classify multispectral remote
sensing images. The classification results also increased evidence that the proposed model is
stable when applied to different land use and land cover areas. Second, we applied the proposed

model with the MODIS remote sensing image in two places in the Matopiba region, which filled
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a gap that deep learning model can also classify coarse spatial resolution images. Finally, the
overlaid analysis of classification results and burned areas also provides a feasible way to
investigate internal relationships between fire activities and the environment in a particular

month.

Our results showed that we achieved a more than 75% overall accuracy of two places
using the proposed model with the MCD12Q1 V6 annual land use and land cover map as
reference data. The overlaid analysis with burned areas indicated that burned areas easily
happened in the grassland at place A and forestland at place B. However, there are still some
limitations in this study. First, we used the MODIS MCD43A4 V6 reflectance product to apply
to the proposed model, which has very coarse spatial resolution, and one single pixel could mix
different land use types. This unavoidable drawback exists in many remote sensing images and it
could affect the performance of the model. Second, the patched based method is a reliable
method for classifying remote sensing images using a deep learning algorithm such as CNN and
RNN. But due to the complexity of the land surface object, it is difficult to choose an optimal
size of patch. The size of the patch depends on the spatial structure of land use and land cover
type, and some studies used finer size to classify remote sensing images (Ndikumana et al., 2018;
Sharma et al., 2018). However, in this study, the areas we chose are simple; they are dominated
by cropland, grassland, and forestland, and we chose each patch size as 15*15, with the model
already giving us decent results. However, in the future we would like to try a finer patch size to
remove classification errors. Finally, as we known, deep learning models require very expensive
computer calculation capability. In this study, we collected remote sensing images for the same
day in different years to fit the proposed model. However, in the future when more advanced

hardware is available, we would like to try to apply the model a shorter duration in order to
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improve the performance. Nevertheless, this study still provides an advanced deep learning
algorithm to classify land use over time and the proposed method can apply to other places when

considering spatial and temporal scale.
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Chapter 5 - Conclusion

Currently, with the development of the computer science and remote sensing
communities, more advanced methods, combining these two fields are being used to estimate the
interaction between agricultural expansion and the environment. For example, compared with
traditional statistical methods, machine learning methods can achieve a better performance in
classification and regression problems (Ali et al., 2015; Luo et al., 2019; Sharma et al., 2017; C.
Zhang et al., 2019). Moreover, in this era of big data, social media data has been introduced into
the geographic field to analyze disaster management and climate change research (Batrinca and
Treleaven, 2014; Pacifici et al., 2015; Resch et al., 2018; Roxburgh et al., 2019). In my
dissertation, the core idea was to apply these advanced methods to estimate the interaction
between agricultural expansion and the environment from spatial and temporal scales.

My dissertation research focused on three questions derived from the one big problem
that the interaction between agricultural expansion and the environment. In particular, I
investigated the spatial distribution of pollinator and soybean production in different periods, its
environmental vulnerability because of agricultural expansion in different years, and the
correlation between agricultural expansion and burned area caused by fire activities in different
places. To discuss all these questions, I used remote sensing imagery, GIScience, model
approaches, machine learning algorithms, and data mining methods. The results for each
question showed that machine learning is a reliable method for analyzing the interaction between
agricultural expansion and the environment at a regional scale, and remote sensing imagery is a
cost-effective data resource to analyze regional problems corresponding with human activities.

Here I summarize my findings and provide suggestions for on-going research.
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5.1 Pollinator, agricultural expansion and environment

The interaction among pollinators, crops, and environment is the biggest problem for
developing agriculture. In Chapter 2, I presented model approaches to estimate the spatial
distribution of bees’ richness and soybean production and discussed their potential interaction.
To connect environmental variables that affect bee species and soybean output during the
growing season, I chose a species distribution model, which used climatic variables and bee
occurrence data to predict bees’ richness for two different periods and the WOFOST model was
used to simulate soybean production corresponding with environmental variables for selected
years. After validating the soybean production results, I concluded that the WOFOST model was
a reliable crop simulation model to estimate soybean production using remote sensing data in the
Brazilian Cerrado, and my results showed higher soybean production distributed in the southern
Cerrado. Moreover, many studies have concluded that the species distribution model is a robust
method for modeling species distribution (Elith and Leathwick, 2009; Galv et al., 2017).
Different from these studies, I stacked a species distribution model to predict bee species
richness based on existing literature (Distler et al., 2015; Guisan and Rahbek, 2011), and my
results indicated that high bee species richness was also in the southern Cerrado during the study
period. Analyzing these two results, I concluded that bee species richness had a stronger
response to environmental changes compared with soybean.

After generating the maps of bee species distribution for two periods and three selected
years of soybean production, I did a correlation analysis by overlaying these results. My analysis
indicated that the spatial interaction between bee’s species richness and soybean production had
a nonlinear relationship. The result captured that with bee species richness, soybean output

increased, but soybean production also increased when richness was low. However, it was
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interesting to note that when richness was high, soybean production decreased even when bee
species richness continued to increase. This result revealed that there were other factors affecting
soybean production such as agricultural technology and climate variables (Martinelli et al., 2010;
Rada, 2013). These findings provided insights into the spatial distribution between pollinator and
soybean production, and the potential that correlation analysis might help researchers to

understand their interaction at a regional scale.

5.2 Environmental vulnerability in the Cerrado

The consequences for agricultural expansion include soil erosion, vegetation health, and
land degradation. Environmental vulnerability is an alternative method for understanding
environmental responses due to agricultural expansion. In Chapter 3, I estimated environmental
vulnerability in the Brazilian Cerrado using remote sensing image, machine learning algorithm
and Twitter data. There were many factors potentially affecting environmental vulnerability in
this region; I focused on the natural environment, which included climate variables and natural
vegetation. Based on the definition of environmental vulnerability provided from the IPCC, I
selected five exposure variables and six sensitivity variables. Then I created an Autoencoder
model that is one type of machine learning method to generate the optimal exposure indicator
and sensitivity indicator, respectively. The results showed that the machine learning algorithm
was feasible in the environmental assessment field, and the study expanded the evidence of the
application of the method (Javadi et al., 2017). Next, I applied the Displaced Ideal (DI) method
to estimate environmental vulnerability in the Cerrado for 2011 and 2016. The results showed
that the high environmental vulnerability areas were in the southern Cerrado, and low
environmental vulnerability areas were in the northern Cerrado. Moreover, compared to the

period from 2011 to 2016, some agricultural states such as Mato Grosso, Mato Grosso do Sul,
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and Goéias had environmental vulnerability rates slightly changing from medium to high, which
means that agricultural expansion could be one major factor causing vulnerability change.

One main problem about environmental vulnerability assessment is how to validate the
result, especially estimating historical environmental vulnerability. In this chapter, I used
historical Twitter data to validate the results of the model. Currently social media data has
become a promising dataset in the science field and many studies have pointed out its value in
the academic world (Batrinca and Treleaven, 2014; Resch et al., 2018). I mined historical tweets
from 2011 and 2016 (from January 1th to December 31th) to collect vulnerability related tweets,
and my results showed that more than 80% of tweets were related to high environmental
vulnerability, which matched my modeled results.

Combining machine learning algorithms and Twitter data to estimate environmental
vulnerability is a novel idea and my results indicate that they are good enough for estimating
vulnerability at a regional scale. However, because of the limitation of the historical Twitter
dataset, the research required more evidence to improve the current result. Nevertheless, these
findings are important for providing alternative methods in the environmental vulnerability
assessment field.

5.3 Deep learning, agriculture, and fire activity

Deep learning has been broadly used in the remote sensing community to interpret
remote sensing images. Many of them focused only on benchmark data sets, but their results
showed that the performance is better than traditional machine learning algorithms (Paoletti et
al., 2018; Yu et al., 2017; Zhang et al., 2018). In Chapter 4, I created a novel Conv-LSTM deep
learning model using Convolutional Neural Network (CNN) and Long Short-Term Memory

(LSTM) to classify time serial MODIS remote sensing images in two agricultural expansion sites
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in the Matopiba region and estimated the correlation of each land use type with burned areas
caused by fire activities in September.

Results indicated that the overall accuracy in both sites were higher than 75% when
compared with MCD12Q1A V6 annual land use and land cover MODIS products. Meanwhile, I
also visually compared results with the Mapbiomas product, and analysis results indicated that
the proposed model was robust in classifying coarse spatial resolution time series remote sensing
images with different land use structures. The highest overall accuracy in site A was grassland,
and the lowest overall accuracy was cropland. However, in site B, the highest overall accuracy
was forestland and the lowest one was grassland. The different land use type performance
revealed that there are many different factors that affect the classification task, such as spatial
resolution, growing season and cloud problems. Excepting these limitations, the proposed model
was reliable for classifying time series remote sensing images.

Because September is the last month of the dry season in this region, fire activities
happen more in September than in other months (de Aragjo et al., 2012; Pereira et al., 2017). To
understand how fire activities might affect each land use type in both sites, I also collected
burned area maps for this month from the MCD64A V6 MODIS product to estimate its
correlation with each land use type using classification results. It indicated that the most burned
areas happened in grassland at the site A, and forestland at the site B. These findings provided
insights that may help local governments with environmental management. In terms of where
fire activities happen occurred, it also found that many burned areas were at the edge of
cropland, which suggested that farmers were using this way to expand agriculture in this region.
However, more evidence is needed in the future to fully understand the interaction between fire

activity and agricultural expansion.

171



5.4 Limitation and Further Direction

With the development of remote sensing and geographic information system, applying
them together to analyze the interaction between agricultural expansion and environmental
impacts has become a major approach, which can provide spatial and temporal insights to
problems. Furthermore, integrating advanced methods such as machine learning and new data
types such as social media data can improve estimate accuracy. Although my results provided
evidence that these methods are reliable at the regional scale, there are still some limitations and
uncertainties.

First, remote sensing imagery is a cost-effective choice for my dissertation. There are
different spatial and temporal resolution. In the dissertation, due to the size of the study area, I
chose coarse spatial resolution remote sensing images for all chapters. One advantage of coarse
spatial resolution remote sensing images is that it has a short revisit time, which can provide
more data for the proposed models. But the drawback is we cannot read details for the particular
location. For example, in Chapter 2, I used a spatial resolution of 25 km by 25 km climate
variables to model bee species richness and soybean production. Although the results were
interesting, it was difficult to generate detailed information in a particular place. In Chapter 3, I
used a spatial resolution of 10 km by 10 km to match the Twitter data, and my results were
useful for local governments to build a sustainable environment, but the spatial resolution is still
coarse. In addition, many remote sensing images have cloud cover problems, especially during
the wet season in the study areas, which could affect the final result. For instance, in Chapter 4, |
downloaded the adjusted remote sensing images, but there are still some potential cloud cover
problems. In the future, I will try more advanced methods to remove cloud noise in the remote

sensing image or use finer spatial resolution of remote sensing images.
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Second, in the dissertation, I used traditional machine learning algorithms such as
Support Vector Machine, Random Forest, and deep learning algorithms such as Convolutional
Neural Network and Long Short-Term Memory. Machine learning as a novel alternative has
been widely used in the remote sensing community. My results indicate that it is also a
promising application for estimating the interaction between agricultural expansion and its
impacts on the environment. The most important reason to use machine learning is the quality of
input data, which strongly depends on the final result. For example, in Chapter 2, I collected bee
occurrence data from online sources, and they were limited to just numbers of selected species
after clearing the raw data. This insufficient data set could potentially affect model results
because of the data limitation.

Finally, in Chapter 3, I used Twitter data in my dissertation to validate environmental
vulnerability. Social media data is useful in the academic field, but my work is the first time it
has been used in the environmental assessment field. Though it provides us useful information to
understand environmental systems, it still has some limitations. For example, the volume of
historical tweets is way less than streaming twitter data, which could increase the bias of results.
Second, Twitter data is heavily dependent on the geographic location where higher population
density areas could have more people using the platform. In the future, I will try more advanced
methods to improve the assessment.

Additionally, this dissertation focused on the estimates of interaction between agricultural
expansion and the environment from spatial and temporal scales. I addressed the problem of the
Brazilian Cerrado, which is a typical subtropical savanna region. The findings provide useful
evidence to guide expanding agriculture at a regional scale and proposed methods are robust to

duplicate these methodologies in other regions.
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Appendix A: supplemental data and code source

There are explanations about supplemental data for each Chapter in this dissertation. In
Chapter 2, I had 16 selected bee occurrence datasets, and some environmental variables. In
Chapter 3, I had environmental variables and historical Twitter data. In Chapter 4, I had MODIS
products. Beyond these datasets, I also used computer programming to generate the results.

I will divide them into four types:

1. Bee occurrence data. You can find the selected bee occurrence data from:

https://doi.org/10.1016/j.scitotenv.2020.139674

2. Environmental variables that were collected from remote sensing images:
Goddard Earth Sciences Data and Information Services Center (GES DICS)
Tropical Rainfall Measuring Mission program
MODIS product: https://Ipdaac.usgs.gov/
Historical Twitter data: Twitter data API
3. Code resource:
Models in Chapter 2: WOFOST model (https://pcse.readthedocs.io/en/stable/), and
SSDM (https://cran.r-project.org/web/packages/SSDM/SSDM.pdf)
For other Code, you can find them on my Github page: https://github.com/lwind18
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